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In real-world scenarios, a pervasive requirement for automatic data preparation (ADP) is to transform diverse

relational tables from different sources into a specified target table. Previous methods rely on labor-intensive

supervision signals or access permissions to target table data, limiting their usage in commercial systems.

To tackle these challenges, we propose BAT, the first end-to-end ADP framework. It enables the synthesis of

training-free data preparation pipelines without requiring any instances from target tables. BAT is formulated

as an open-source large language model (LLM) driven tree-structured search problem. It consists of three

pivot components, i.e., a data preparation action sandbox (DPAS), a fundamental pipeline generator (FPG),
and an execution-aware pipeline optimizer (EPO). We first introduce DPAS, a lightweight action sandbox, to

navigate the search-based data preparation pipeline generation process. The design of DPAS circumvents

exploration of infeasible pipelines. Then, we present FPG, an LLM-driven Monte Carlo tree search process,

to incrementally generate executable DP pipelines within the constraints of the predefined action sandbox.

Furthermore, we propose EPO, which invokes pipeline execution results from sources to targets to evaluate

the reliability of the generated pipelines in FPG. In this way, unreasonable pipelines are eliminated, thus

facilitating the search process from both efficiency and effectiveness perspectives. Extensive experiments on

real-world datasets show that BAT significantly outperforms 5 SOTA competitors, achieving at least 8.74%

improvements in the end-to-end data preparation pipeline execution accuracy.
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1 Introduction
Self-service data preparation (DP) [8, 41], a prerequisite for data democratization, is becoming

increasingly important. It aims to allow data scientists to prepare data without extensive domain
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Fig. 1. An overview of the new ADP task.

knowledge or time-consuming efforts. Automatic data preparation (ADP) [49, 50] is an effective

solution for self-service data preparation. It transfers raw data from disparate sources into formats

that are ready for business intelligence (BI) analysis or machine learning purposes by generating

sequential pipelines, which are composed of transformation operators (e.g., Join, Groupby, and

Rename). Recently, various ADP techniques have emerged, such as transform-by-example [13],

transform-by-pattern [25], transform-by-target [50], transform-for-joins [54], and LLM-based

transformation [42]. Nonetheless, there is still a big room for implementing ADP tools in practice

due to source table variability and restricted data access privileges.
New ADP task - an end-to-end solution for metadata-only data preparation. A funda-

mental ADP requirement is to transform diverse relational tables from different sources into a

specified target table. In commercial systems, these source tables are dynamic, exhibiting schema

variations across different sources and newly produced data over time [50]. Moreover, to ensure

efficient collaboration across departments/regions, decentralized architectures like Data Mesh [18]

have emerged as a dominant paradigm in DP. It shifts the preparation responsibility to source-side

providers, leveraging their domain expertise to design valid preparation pipelines that adhere to

business logic. However, this cross-departmental collaboration introduces a strict privacy con-

straint: due to compliance controls or data residency laws, source data providers are typically

precluded from accessing target table instances [19, 45]. Thus, they must construct transformation

pipelines solely based on the target’s metadata (e.g, table schema or column descriptions) without

visibility into the actual instances, referring to metadata-only data preparation. Figure 1 presents

an overview of this task. However, automating such a task is non-trivial in practice. We now turn

to illustrate the challenges via the Example 1.1 in detail.

Example 1.1. We consider a data preparation task in a supply chain scenario, where an ERP sys-

tem integrates daily sales data from different regional stores (source) into a central data warehouse

(target) in a Data Mesh architecture. Figure 2 depicts an example. Here, two distinct stores periodi-

cally submit sales data via source tables 𝑇𝑙1 and 𝑇𝑙2 to a target table 𝑇𝑟 . Due to inconsistent local

practices, these dynamic sources exhibit heterogeneous schemas Furthermore, strictly enforced

privacy policies prevent providers from accessing target table instances. Consequently, they derive

two different DP pipelines solely from the metadata to append their respective data to the target

table, respectively. As depicted, the pipelines differ significantly: (i)𝑇𝑙1 involves Date Formatting,
GroupBy, Rename, and Join operators; whereas (ii) 𝑇𝑙2 necessitates an additional Unpivot operator

to align the schema between the source and the target schemas.

Challenge I: How to approximate reliable end-to-end pipelines under source variability and target
instance scarcity.Recall that the existing techniques are ineffective inmetadata-only data preparation.

They typically rely on ground truth guidance, such as “by-example” paradigm [2, 12, 13, 17, 46]
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Date Store_id Product_category Sales

2024.01.01 A01 electronics 300

2024.01.01 A01 clothing 120

 Source table  from  store A

Date Shop_id Product_category Sales Total_store_sales

--- --- --- --- ---
2024-01-01 A01 electronics 300 420
2024-01-01 A01 clothing 120 420
2024-01-01 S01 electronics 400 700
2024-01-01 S01 clothing 300 700

(1) dt.strftime('%Y-%m-%d')
(2) Groupby (Date,Store_id) Sum (Sales)
(3) Rename(Shop_id, Total_store_sales)

(4) Join (Date,Shop_id)

(B) Transformation steps

Date Store_id Sales_Electronics Sales_Clothing

01/01/2024 S01 400 300

(1) dt.strftime('%Y-%m-%d')
(2) Unpivot(Sales_Electronics, Sales_Clothing)
（3) Groupby (Date,Store_id) Sum (Sales)
(4) Rename(Shop_id, Total_store_sales)

(5) Join (Date,Shop_id)

 Source table  from  store B

(A) Source tables from two different region stores (C) Target table

Date Shop_id Product_category Sales Total_store_sales

--- --- --- --- ---
Add new data

Fig. 2. A motivating example for metadata-only data preparation.

or auxiliary constraints (e.g., data distributions [50], data patterns [25], integrity constraints [50],

or transformation hints [42]) to verify pipeline correctness. In our task, “verifiable correctness” is

theoretically impractical due to the absence of ground truth. First, regarding “by-example” paradigm:

they require golden samples (i.e., matching pairs between source and target) to verify the correctness

of the synthesized pipeline. Since newly produced data from the source table has not yet been

imported into the target, matching pairs are unavailable. Furthermore, the schema variants across

sources make maintaining a sufficient set of matching pairs for every variant infeasible. These

shortcomings render the “by-example” paradigm ineffective. Second, auxiliary constraints are either

risky or unavailable: sharing distributions compromises privacy (e.g., re-identification [44]); tables

in data lakes usually lack explicit rules (e.g., data patterns or integrity constraints); non-expert users

cannot provide valid transformation hints. Recently, several commercial systems have adopted a

“synthesis-then-verification” paradigm [20, 21]: metadata-based pipelines are first suggested for

human review. Only verified pipelines are executed; otherwise, they are regenerated. However, these

existing solutions predominantly focus on single-operator recommendations or rely on explicit

transformation instructions, failing to synthesize complex, end-to-end pipelines. Consequently, the

objective shifts from strict validation to approximation. The key lies in synthesizing the most
semantically plausible pipeline in an end-to-end manner to minimize subsequent human
intervention. However, achieving this approximation is non-trivial: source tables exhibit diverse

schemas and ever-increasing data instances. Without instance-level feedback to prune incorrect

candidates, this task faces a combinatorial explosion driven by the source variability. As detailed

in Example 1.1, for the target column Total_store_sales, there exist multiple combinations of

operators (e.g., specific Groupby keys, distinct Join conditions, or varying Unpivot configurations)
that are syntactically valid but semantically divergent. Moreover, an end-to-end solution necessitates

searching from countless possible combinations of transformation operators, which may lead to a

huge exploration space. This characteristic significantly increases the difficulty of this task.

Challenge II: How to enable user-friendly pipeline synthesis in a metadata-only setting? To improve

the efficiency of data preparation, modern data architectures are shifting pipeline creation from IT

specialists to business users [50]. While this approach bypasses the delays of IT ticket processing,

it creates a new hurdle: although business users possess domain knowledge, they typically lack the

technical ability to implement data transformations. For instance, business users understand the

semantics of the “Sales” column but typically lack the technical proficiency to implement complex

transformation logic for it (e.g., specifying the Unpivot or Groupby-Join operators required in

Example 1.1). This expertise limitation is significantly exacerbated when synthesizing end-to-end

pipelines, as it requires users to logically orchestrate a valid sequence of multiple interdependent

transformation operators. Recently, LLMs have demonstrated strong semantic comprehension

capabilities, showing promise in lowering the barrier for less-technical users [28, 53]. An intuitive

idea is to leverage LLMs in helping these non-technical users to synthesize end-to-end data prepa-

ration pipelines automatically. In the field of ADP, a recent trend has also seen both academia and
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industries providing LLM-based solutions, such as single-step DP transformation inference [21] and

knowledge-driven ADP [42]. However, applying LLMs to this new task is much more challenging

than in other areas of ADP, due to the hallucination problem. Synthesizing DP pipelines for

target tables that comply with a specific schema is typically a domain-specific task with low error

tolerance. The absence of target instances makes the process highly susceptible to hallucinations.

Even a minor hallucination can lead to a faulty pipeline that produces an output table whose

schema does not fully match the target’s, despite apparent semantic similarities. Thus, ensuring

that the synthesized pipeline is executable and reliable without expert intervention or data visibility

remains a formidable challenge.

To address these two challenges, we propose BAT to effectively synthesize the data preparation

pipeline without any target table instances. BAT is formulated as an open-source LLM-powered

tree search problem to effectively explore the space of DP transformation operators. Utilizing

open-source LLMs (rather than closed-source ones) enables BAT to be deployed locally, thereby

eliminating data leakage risks. BAT consists of three pivotal components: (i) an DP action sandbox
termed asDPAS; (ii) a fundamental pipeline generator called FPG; and (iii) an execution-aware pipeline
optimizer named EPO; First,DPAS is presented to restrict the search scope of DP pipeline generation
within a bounded decision space. Second, FPG is to generate DP pipelines via the proposed LLM-

driven Monte Carlo tree search. Here, each node corresponds to a DP transformation state, and

each edge represents a DP transformation action from the proposed ADP action sandbox. Once

a complete DP pipeline is generated, the LLM evaluates the reliability of the generated pipeline

using a self-reward mechanism. Finally, BAT selects the most reliable pipeline as the final result.

Furthermore, EPO is introduced to optimize the entire search process. It contains two perspectives

of optimization. One optimizes the self-reward mechanism by invoking the pipeline execution

results from sources to targets to evaluate the reliability of the generated pipelines. In this way,

unreasonable pipelines will be eliminated. The other one is used to accelerate the search progress

by a simulation cache mechanism and an early termination method.

Our contributions are summarized as follows:

• User-friendly Framework. BAT is the first end-to-end framework that generates DP pipelines with

zero target instances and zero training efforts. It enables data providers to solve the DP problem in

cross-domain scenarios without access to the target data, thus ensuring data confidentiality. This

training-free automation eliminates expertise barriers, enabling non-technical users to participate

in data preparation.

• Lightweight Action Sandbox. We define a lightweight DP action sandboxDPAS, which restricts the
search scope of the DP pipeline generation process. DPAS circumvents exploration of infeasible

transformation operators.

• Execution-aware Optimizer . We present EPO, an execution-aware optimizer, to facilitate the

search process from both efficiency and effectiveness perspectives. EPO invokes the pipeline

execution results from sources to targets to evaluate the reliability of the generated pipelines, In

this way, unreasonable candidate pipelines will be eliminated in the search process.

• Extensive Experiments. We conduct comprehensive experimental evaluations on ADP. Extensive

experiments on real-world datasets show that BAT significantly outperforms 5 SOTA competitors,

achieving at least 8.74% improvements in accuracy.

Organization. The rest of the paper is organized as follows. Section 2 presents the preliminaries.

Section 3 introduces the technical details of our proposed BAT framework. Section 4 reports

the experimental results and our findings. Section 5 reviews the related work. Finally, Section 6

concludes the paper.
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Table 1. Overview of supported transformation operators.

Category Transformation Operators

Table-level Join, GroupBy, Pivot, Unpivot, Union, Add/Drop Columns,

Rename

Column-level Column Arithmetic, Date Formatting

2 Preliminaries
In this section, we present some preliminaries, including problem statement, the supported DP

transformation operators in BAT, and background techniques.

2.1 Problem Statement
As described in Section 1, we focus on the ADP task that transforms data from disparate sources

into targets with specific schemas while requiring zero target-instance access. In commercial

systems, despite the access limitation, business analysts and data engineers typically possess a

clear understanding of the target schema that the enterprise data should conform to. To this end,

it is realistic that we have access to the schema of target tables even when the data instances are

unavailable.

Let 𝑇 = (𝑆, 𝐷) be a relational table, where 𝑆 = {𝑠1, 𝑠2, . . . , 𝑠𝑚} is the schema of 𝑇 and 𝐷 denotes

the corresponding data rows, a.k.a., data instances. A source table can be denoted as 𝑇𝑙 = (𝑆𝑙 , 𝐷𝑙 )
with schema 𝑆𝑙 = {𝑠𝑙1 , 𝑠𝑙2 , . . . , 𝑠𝑙𝑚 } and a sampled data set 𝐷𝑠

𝑙
⊆ 𝐷𝑙 . 𝑇𝑟 = (𝑆𝑟 , 𝐷𝑟 ) represents a

target table with schema 𝑆𝑟 = {𝑠𝑟1 , 𝑠𝑟2 , . . . , 𝑠𝑟𝑚 }. 𝐷𝑟 is excluded from consideration in our settings

due to the lack of access to target data instances. Unless otherwise stated, the target tables 𝑇𝑟
mentioned in the following do not contain any data instances. The objective is to synthesize a data

preparation pipeline P = (𝑜1 (𝑝1), 𝑜2 (𝑝2), . . . , 𝑜 |𝑜 | (𝑝 |𝑜 | )) from a set of source tables T𝑙 to a target

table 𝑇𝑟 . Formally,

P(T𝑙 ) = {𝑜1 (𝑝1) ◦ 𝑜2 (𝑝2) · · · ◦ 𝑜 |𝑜 | (𝑝 |𝑜 | )} → 𝑇𝑟 . (1)

Here, T𝑙 = {𝑇𝑙1 ,𝑇𝑙2 , ...,𝑇𝑙𝑛 }, and 𝑛 ≥ 1. Each 𝑜𝑖 is selected from a set of supported transformation

operatorsO (see Section 2.2). Each 𝑝𝑖 denotes the operator-specific parameters, such as join keys and

aggregation columns. Note that, P is an executable program composed of a series of transformation

operators.

It is important to illustrate that (i) our goal is to generate an executable and correct DP pipeline

rather than a candidate one. The former can actually inject data from sources into the specific

target table 𝑇𝑟 with schema 𝑆𝑟 , while the latter may generate a new table 𝑇𝑟 that is semantically

similar to 𝑇𝑟 . This strict setting ensures the practicality of ADP in real-world scenarios. To be

more concrete, commercial ADP tasks [22] require strict alignment of column names and column

types between the sources and the targets; otherwise, the pipeline cannot be executed; (ii) no

data instance from the target table 𝑇𝑟 is available at synthesis time in our settings. The entire data

preparation pipeline is required to be inferred solely from the source tables and the target schema

without any supervision, constituting a significant challenge for the ADP task.

2.2 Supported Transformation Operators
We consider two broad categories of transformation operators in BAT, i.e., table-level DP operators
and column-level DP operators, as summarized in Table 1.

Table-level DP operators. In this category, table-level DP operators can reshape the schema of

the given table.
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(1) Join [36] integrates information across multiple tables based on a shared key column. It corre-

sponds to pandas.merge().
(2) GroupBy [34] partitions data into groups based on one or more key columns and computes

aggregate functions—such as sum, mean—for each group, aligning with pandas.groupby().
(3) Pivot [37] transforms long-format data intowide-format by turning unique values in a categorical

column into new columns, as implemented in pandas.pivot().
(4) Unpivot [35] reverses a pivot operation by collapsing multiple columns into key-value pairs. It

aligns with pandas.melt().
(5) Union [32] combines multiple tables by appending rows with compatible schemas, typically

along the vertical axis. This operation corresponds to pandas.concat(..., axis=0).
(6) Add/Drop Columns adjusts the schema by introducing constant-valued columns or removing

irrelevant ones. This is typically implemented via assignment or column selection in pandas.
(7) Rename [38], similar to pandas.rename(), standardizes column names for schema alignment

or semantic clarity.

Column-level DP operators. In this category, DP operators focus on manipulating the contents

of individual columns.

(1) Column Arithmetic applies arithmetic expressions across one or more columns to derive new

values (e.g., price * quantity), using element-wise operations in pandas.
(2) Date Formatting [33] reformats or parses temporal values to enable downstream temporal

analysis, such as converting strings to datetime objects or extracting date parts (e.g., year or

month), via pandas.to_datetime() and dt accessors.

2.3 Monte Carlo Tree Search
Monte Carlo Tree Search (MCTS) [6] is a heuristic algorithm used for solving sequential decision-

making problems, such as game AI like AlphaGo and AlphaZero [10], that involve large and complex

search spaces. MCTS contains the following four phases:

• Selection: Starting from the root, the algorithm explores the tree by selecting child nodes based

on a specific strategy that can balance both exploration and exploitation. Here, researchers often

utilize Upper Confidence Bounds applied to Trees (UCT) formula [26] as the balanced strategy.

• Expansion: Once a leaf node is reached, one or more feasible new child nodes, each of which

corresponds to a potential future move, are added to the tree, unless the terminal state is reached.

• Simulation: A simulation method (often termed rollout) is executed from the newly expanded

node, following a default policy (e.g., random) until a terminal state is reached, thereby evaluating

the newly expanded node’s potential.

• Backpropagation: The simulation result, i.e., the reward, is propagated back to the root through

the visited path, updating the statistical information of each visited node, including node visit

counts and an estimated node value.

During the search process, MCTS iteratively selects, expands, simulates, and backpropagates

reward signals to explore the most promising paths. This approach supports constrained exploration

over large but non-deterministic search spaces with feedback.

3 Our Framework
In this section, we describe our framework BAT in detail. Figure 3 illustrates the BAT architecture,

which includes three components: a DP action sandbox (DPAS), followed by a fundamental pipeline
generator (FPG) and an execution-aware pipeline optimizer (EPO).
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DP Action Sandbox (DPAS)

SchemaMapping

OperatorDiscovery

CodeSynthesis

CodeRefinement

Termination

Inputs Fundamental Pipeline Generator (FPG)

Selection Expansion Simulation Backprogation

Execution-aware Pipeline Optimizer (EPO)

Source Tables: 

Simulation Cache

Early Termination

Outputs

Target Table: 

LLM-Only

Generated PipelineSource Tables: Execution Result

EvaluatorReward

Generated Pipeline
Join

Groupby

Rename

Reward

... Simulated Node Pruned Node

Generated Pipeline

Selected Node
Terminal Node
Action Inference via LLM

with few-shot data
instances

Execution Feedback
Backprogation

without data instances

Fig. 3. Overview of the BAT framework for automatic data preparation.

3.1 DP Action Sandbox
Motivated by the empirical viability of search-oriented methods, we introduce a discrete symbolic

sandbox (DPAS) to elevate reasoning abstraction. Unlike [50], which generates DP pipelines directly

from a set of transformation operators, DPAS encapsulates transformation sub-goals into high-level

actions, enabling explicit goal-oriented planning rather than ad-hoc code generation.

The sandbox is composed of five action types, termed as A = {𝐴1, 𝐴2, 𝐴3, 𝐴4, 𝐴5}, each of which

corresponds to a distinct transformation intent. A specific action 𝑎𝑖 = (𝐴𝑖
𝑗 , 𝜃𝑖 ) consists of an action

type 𝐴𝑖
𝑗 ∈ A and a parameter object 𝜃𝑖 instantiated based on the current state. Next, we detail the

supported action types.

• 𝐴1: SchemaMapping. In data preparation tasks, source and target table schemas often differ in

naming, granularity, or structure. Automatically inferring how columns in the source table align

with fields in the target schema is a prerequisite for meaningful transformation. This action

establishes such correspondences by identifying semantically related columns.

• 𝐴2: OperatorDiscovery. BAT formulates transformation operator discovery as a semantic plan-

ning step. This action leverages LLM to discover concrete transformation operators (as described

in Section 2.2) based on partial context, including the schema of the target table, column descrip-

tions, and schema mapping results. Here, the schema mapping results are optional. The reason is

that the OperatorDiscovery action may be invoked either before or after the SchemaMapping
action. This flexibility reflects common strategies in human data wrangling, where one may

either hypothesize the transformation logic upfront or derive it after examining the data.

• 𝐴3: CodeSynthesis. After identifying an appropriate transformation logic, BAT generates exe-

cutable Python code to implement it. This action instantiates the chosen operator using a specific

syntax, i.e., pandas in our current implementation, based on the mapped schema and discovered

logic.

• 𝐴4: CodeRefinement. In the CodeSynthesis action, the generated executable code may contain

errors because of ambiguous schemas, inconsistent naming conventions, or incomplete speci-

fications. To address these issues, we propose the CodeRefinement action. It aims to identify

and correct such errors in the aforementioned executable code snippet. This action is crucial for

robustness, particularly in zero-shot or noisy settings, where initial code generations are often

imperfect.
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Table 2. Available next actions in the DP action sandbox.

Action Type Valid Next Actions

— SchemaMapping, OperatorDiscovery, CodeSynthesis

SchemaMapping OperatorDiscovery, CodeSynthesis

OperatorDiscovery SchemaMapping, CodeSynthesis

CodeSynthesis Termination, CodeRefinement

CodeRefinement Termination

Termination —

• 𝐴5: Termination. This action signals the end of the search process. It triggers a validation step

to check whether the composed pipeline satisfies the schema of the target table. Specifically, if

the output is incorrect or incomplete, MCTS will backtrack and explore alternative paths.

This abstraction enables modular construction of data preparation pipelines by structuring

the synthesis process as a sequence of symbolic actions in DPAS. Rather than treating pipeline

generation as an atomic step (e.g., Join), we decompose the process into semantically meaningful

sub-decisions, allowing each part to be controlled and revised during the pipeline synthesis process.

Furthermore, to ensure that action sequences in BAT produce reasonable pipelines, we define a

set of transformation constraints within the sandbox. These constraints are derived from structural

patterns commonly observed in real-world data preparation workflows and specify reasonable

transformations between action types. For example, the CodeRefinement action should be executed
after the CodeSynthesis action, and the Termination action must be invoked after the pipeline

has been synthesized or refined. The complete transformation constraints are summarized in

Table 2. Concretely, initial actions at the root node include SchemaMapping, OperatorDiscovery,
and CodeSynthesis. The selection of subsequent nodes is subject to the constraints based on

the current reasoning state and previously selected actions. These constraints are dynamically

enforced during node expansion to prune infeasible branches early in the search process of BAT.
By constraining which actions can logically follow others, we prevent inconsistent sequences and

guide the BAT toward constructing reasonable and executable DP pipelines.

Discussion. We emphasize that designing a bounded action space via DPAS, rather than directly

using the action space composed of atomic transformation operators (atomic action space for short),

significantly enhances the pipeline generation process in BAT, as to be detailed in Section 3.2. Recall

that BAT is driven by large language models (LLMs) with a tree-structured search mechanism. The

search complexity of the tree-structured search method can be denoted as 𝑂 ( |N| |𝑑 | ), where |N| is
the number of nodes per level in the search tree and |𝑑 | represents the depth of the entire tree struc-

ture. Considering that data development engineers usually implement custom DP transformation

operators through User-Defined Functions (UDFs), the atomic action space exhibits continuous ex-

pansion. However,DPAS contains only five abstract operators. Such a constrained design drastically

reduces the search complexity. Moreover, our proposed transformation constraints, as illustrated in

Table 2, can further reduce the search complexity. In addition, the design of DPAS significantly

reduces reasoning complexity for LLMs. The reason is that selecting the correct operators from a

small operator set is simpler for LLMs than choosing from a large collection. Furthermore, errors

may propagate through operator sequences during the tree-structured search process, and thus

fewer abstract operators contained in DPAS enable minimizing the risks of error propagation.

3.2 Fundamental Pipeline Generator
Motivated by the effectiveness of MCTS in solving complex search problems (as illustrated in

Section 2.3), we propose the fundamental pipeline generator (FPG), a Monte-Carlo-driven search
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"target_column": "Shop_id","sources":{"Source Table":"Store_id"}
......

First, standardize the Date format from yyyy.mm.dd to yyyy-mm-dd.
Then, group the Sales table by Date and Store_id, summing the

sales to produce an intermediate table...

Sales['Date'] = pd.to_datetime(Sales['Date'],
format='%Y.%m.%d').dt.strftime('%Y-%m-%d')

intermediate = Sales.groupby(['Date', 'Store_id'])['sales'].sum()...

Date Store_id Product_category Sales
2024.01.01 A01 electronics 300

Date Shop_id Product_category Sales Total_store_sales

Source Table

Target Table
V0

V1

V2

V3

V4

V0

V1

V2

V3

a1: SchemaMapping

a2: OperatorDiscovery

a3: CodeSynthesis

Fig. 4. An example of the tree-structured search process.

approach for ADP, which orchestrates the MCTS process via open-source LLMs and executable

feedback effectively.

We formulate the FPG process as a tree-structured search problem defined on a directed tree

T = (𝑉 , 𝐸), where each node 𝑣𝑖 ∈ 𝑉 represents a partial reasoning state and each edge 𝑒𝑖 ∈ 𝐸
means an action defined in DPAS. A complete root-to-leaf path corresponds to a synthesized data

preparation pipeline that produces a target-compliant output. This tree-structured formulation

enables BAT to perform structured, step-by-step reasoning, starting from symbolic actions of DPAS
and ending with concrete executable code. Next, we introduce the settings of both nodes and edges

of the search tree utilized in FPG.
Nodes (𝑉 ) — Reasoning States. Each node 𝑣𝑖 ∈ 𝑉 represents an intermediate transformation

state, capturing the transformation logic constructed up to that node.

Edges (𝐸) — Reasoning Actions. Each edge 𝑒𝑖 ∈ 𝐸 corresponds to an action decision of DPAS.
These include actions such as selecting a schema mapping and choosing a data operator (e.g.,

Groupby, Join). Edges transition the state from one node to another and collectively determine a

final candidate pipeline.

Figure 4 illustrates an example of ADP as a tree-structured search process. The source table

contains four columns, termed as Date, Store_id, Product_category, and Sales. The target table
includes a renamed column Shop_id and a new column Total_store_sales, which aggregates

daily sales totals for each store. The ADP process is modeled as a search tree, where:

• The root node 𝑣0 represents the initial inputs, i.e., the source table with few-shot data instances

and the target table containing only the metadata (i.e., table schema and column descriptions).

• The intermediate node 𝑣1 performs the SchemaMapping action to establish correspondences

between source and target columns. Next, Node 𝑣2 applies the OperatorDiscovery action to

identify a sequence of transformation operators, including operations such as Date Formatting
and GroupBy. Due to space limitations, we omit subsequent inferred operators. Then, node 𝑣3
utilizes the CodeSynthesis action to generate a data preparation pipeline.
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Algorithm 1: Fundamental Pipeline Generator (FPG)
Input: A set of source tables T𝑙 , a target table 𝑇𝑟 , an LLM 𝑓LLM, a rollout budget 𝑁 , and a

max depth |𝑑 |
Output: Set of valid transformation pipelines Pfound

1 Initialize root node 𝑣0 ← (T𝑙 ,𝑇𝑟 );
2 Initialize empty pipeline set Pfound;
3 for 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 1 to 𝑁 do
4 𝑣𝑖 ← Select(𝑣0);
5 C(𝑣𝑖 ) ← Expand(𝑣𝑖 , 𝑓LLM);
6 𝑣 ′|𝑑𝑚 | ← Simulate(𝑣𝑖 , C(𝑣𝑖 ), 𝑓LLM);
7 reward← Evaluate(𝑣 ′|𝑑𝑚 | );
8 Backpropagate(𝑣 ′|𝑑𝑚 | , reward);
9 if pipeline is correct via evaluating reward then
10 Pfound ← Pfound ∪ GetPipeline(𝑣 ′|𝑑𝑚 | );
11 return Pfound

• The final node 𝑣4 denotes the termination. At this node, the generated pipeline is assigned a

reward.

Thereafter, we are ready to introduce the details of the search process of FPG. Algorithm 1

presents its pseudo-code. It takes as inputs a set of source tables T𝑙 with few-shot data instances,

a target table 𝑇𝑟 containing only schema definitions, an LLM 𝑓LLM, and a rollout budget 𝑁 . FPG
performs 𝑁 rollouts to construct and evaluate candidate pipelines. Each rollout consists of four

canonical phases, i.e., Selection, Expansion, Simulation, and Backpropagation.
Selection. The selection phase begins the MCTS rollout by traversing the current search tree from

the root node 𝑣0 toward a leaf or expandable node 𝑣𝑖 (Line 4 in Algorithm 1). At each node 𝑣 , the

algorithm determines the next action 𝑎𝑖 ∈ A and chooses the child node 𝑣 ′ by maximizing an

acquisition function based on the Upper Confidence Bounds applied to Trees (UCT) [26]. Formally:

UCT(𝑣, 𝑎) =𝑄 (𝑣𝑖 , 𝑎𝑖 ) + 𝑐 ·

√︄
log𝑁 (𝑣𝑖 )
𝑁 (𝑣𝑖 , 𝑎𝑖 )

(2)

Here, 𝑄 (𝑣𝑖 , 𝑎𝑖 ) ∈ R is the cumulative reward for taking action 𝑎𝑖 at node 𝑣𝑖 , where R denotes the

real number space. 𝑁 (𝑣𝑖 ) is the visit count of node 𝑣𝑖 , 𝑁 (𝑣𝑖 , 𝑎𝑖 ) is the number of times action 𝑎𝑖 has

been applied at 𝑣𝑖 . 𝑐 ∈ R+ is a tunable constant that controls the trade-off between exploration and

exploitation. R+ represents the set of positive real numbers. Notably, if there exists any child node

that has not been visited before (i.e., 𝑁 (𝑣𝑖 , 𝑎𝑖 ) = 0), the algorithm prioritizes selecting such nodes.

This selection strategy encourages the search to favor paths that have historically yielded

high reward while also encouraging exploration of less-visited action branches. The logarithmic

dependence on𝑁 (𝑣𝑖 ) ensures diminishing optimism asmore rollouts visit the same node, preventing

over-exploration of suboptimal paths. The traversal continues recursively until an unexpanded

node is reached. This node will be the frontier for subsequent expansion.

Expansion. Once the selection phase identifies a frontier node 𝑣𝑖 , the algorithm proceeds to the

expansion phase (Line 5 in Algorithm 1). The goal of expansion is to enumerate and instantiate all

valid next actions from 𝑣𝑖 . This phase produces a candidate set of child nodes for the subsequent

simulation phase.
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Instruction

You are a highly meticulous and intelligent schema matcher 
specialized in data preparation. Your task is to analyze a set of 
**source tables** and a **target table**, and identify how each 
column in the target table semantically corresponds to column(s) 
in the source table(s).

Tips

The target table may be derived from the source tables using
operations such as **join**, **union**, **groupby**, **pivot**,
**unpivot**, **rename**, **column arithmetic**, **date
formatting**, **adding or dropping columns**.
A target column may:
- Correspond to one or more columns from a single source table,
- Be the result of combining or aggregating columns,
- Be derived from columns across multiple source tables (e.g.,
through a join or union).
......

Table
info

Table Schema:
{table_schema_dict}

Output
Format

Please respond with your reasoning process and a JSON object
structured as follows:
```json
[{{
    "target_column": "target_column_name1",
    "sources": {{"table_name1": ["column1", "column2", ...]}},
}}]```
......

Fig. 5. An example of an action prompt template.

Let Avalid (𝑣𝑖 ) ⊆ A be the set of admissible action types at node 𝑣𝑖 , constrained by the trans-

formation constraints (as detailed in Table 2). For each action type 𝐴𝑖
𝑗 ∈ Avalid (𝑣𝑖 ), the algorithm

queries the LLM to generate its parameters:

𝜃𝑖 = 𝑓LLM (Prompt(𝑣𝑖 , 𝐴𝑖
𝑗 )) (3)

where 𝜃𝑖 is a structured object that specifies the action’s arguments (e.g., join keys, aggregate

functions). As illustrated in Figure 5, we design a standardized action prompt template to facilitate

this generation. Taking the SchemaMapping action as an example, the prompt begins with a detailed

instruction that describes the task. Then, there are the carefully designed tips that guide the model

in identifying semantic correspondences between source and target columns. This is followed

by information about the table. To ensure the generated output is syntactically valid and aligned

with downstream processing, the prompt concludes with an explicit specification of the expected

response format.

Each parameterized action is defined as a tuple 𝑎𝑖 = (𝐴𝑖
𝑗 , 𝜃𝑖 ). Applying 𝑎𝑖 to the current node

produces a successor state 𝑣 ′𝑖 = 𝛿 (𝑣𝑖 , 𝑎𝑖 ), where 𝛿 is the state transition process. All generated child

nodes {𝑣 ′
1
, 𝑣 ′

2
, . . . 𝑣 ′|𝑣′ | } are collected in a candidate set:

C(𝑣𝑖 ) =
{
𝛿 (𝑣𝑖 , 𝑎𝑖 )

�� 𝑎𝑖 = (𝐴𝑖
𝑗 , 𝑓LLM (Prompt(𝑣𝑖 , 𝐴𝑖

𝑗 ))), 𝐴𝑖
𝑗 ∈ Avalid

(𝑣𝑖 )
}

(4)

The collected candidates C(𝑣𝑖 ) will be passed to the subsequent simulation phase for evaluation.

Simulation. In the simulation phase (Line 6 in Algorithm 1), the algorithm randomly selects a

node 𝑣 ′𝑖 from the candidate set C(𝑣𝑖 ). Then it recursively applies actions to expand the selected
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node until a termination node is reached or the maximum rollout depth 𝑑max is exceeded. The result

of this simulation is a sequence of nodes, which represents a candidate path as follows:

𝑃𝑎𝑡ℎ = {𝑣 ′𝑖 , 𝑣 ′𝑖+1, . . . , 𝑣 ′|𝑑𝑚 | }, with 𝑣 ′𝑖+1 = 𝛿 (𝑣 ′𝑖 , 𝑎𝑖 ) (5)

Here, |𝑑𝑚 | denotes the𝑚-th depth of the search tree, and |𝑑𝑚 | ≤ |𝑑 |. 𝛿 is the state transition process

as defined in the expansion stage.

At the end of the simulation phase, the terminal node 𝑣 ′|𝑑𝑚 | typically contains a complete data

preparation pipeline P. An intuitive approach for assessing the quality of such a pipeline is to take

advantage of the reasoning capabilities of LLMs. To this end, we introduce a self-reward mechanism

in which the LLM acts as a judge. Specifically, given a set of source tables T𝑙 , the target table 𝑇𝑟 ,
and the generated pipeline P, the LLM is prompted to evaluate whether P is likely to produce a

correct transformation. Based on its reasoning, the LLM returns a scalar reward 𝑟LLM ∈ {0, 0.5, 1.0}.
The evaluation criteria of the self-reward mechanism are as follows:

• 𝑟𝐿𝐿𝑀 = 1 if the program is fully correct and complete;

• 𝑟𝐿𝐿𝑀 = 0.5 if the program is partially correct but incomplete;

• 𝑟𝐿𝐿𝑀 = 0 if the program is malformed or incorrect.

Designing an effective self-reward mechanism is challenging. Prior studies [47] have demon-

strated that prompts often led to unreliable evaluations. For instance, LLMs might assign high

rewards to programs that are syntactically correct but semantically incorrect.

To address this, we design a structured reward prompt composed of four main parts. The first

part, i.e., instruction, defines the model’s role as a data preparation expert and clearly states its

evaluation task. The second part, i.e., evaluation rules, introduces a clear reward rubric with three

levels—exact match, partially correct, and incorrect—helping the model judge program quality. The

third part, i.e., table information, provides the source table, target table schema, and generated

pipeline. The final part, output format, specifies the expected structure of the model’s response.

This structured prompt reduces ambiguity and solves the problems faced above.

Backpropagation. Following the simulation phase, the final reward 𝑟𝐿𝐿𝑀 assigned to the pipeline

P is propagated back along the search path. The goal of this phase (Line 7 in Algorithm 1) is to

update value estimates and visitation counts for all intermediate node–action pairs encountered in

the current rollout. These updates help refine the UCT-based search policy for future iterations. Let

the search path be denoted by a sequence of state–action pairs:

Π = {(𝑣 ′
0
, 𝑎0), (𝑣 ′1, 𝑎1), . . . , (𝑣 ′|𝑑𝑚 | , 𝑎 |𝑑𝑚 | )} (6)

where each 𝑣 ′𝑖 ∈ 𝑉 is a node, and 𝑎𝑖 = (𝐴𝑖
𝑗 , 𝜃𝑖 ) is the applied action at that node. For each pair

(𝑣 ′𝑖 , 𝑎𝑖 ) ∈ Π, we maintain the following three statistics: (i) 𝑄 (𝑣 ′𝑖 , 𝑎𝑖 ) is the cumulative reward for

taking action 𝑎𝑖 at node 𝑣
′
𝑖 ; (ii) 𝑁 (𝑣 ′𝑖 ) is the number of times node 𝑣 ′𝑖 has been visited; and (iii)

𝑁 (𝑣 ′𝑖 , 𝑎𝑖 ) is the number of times action 𝑎𝑖 has been taken from 𝑣 ′𝑖 . We update these quantities as

follows:

𝑄 (𝑣 ′𝑖 , 𝑎𝑖 ) ← 𝑄 (𝑣 ′𝑖 , 𝑎𝑖 ) + 𝑟 (7)

𝑁 (𝑣 ′𝑖 ) ← 𝑁 (𝑣 ′𝑖 ) + 1 (8)

𝑁 (𝑣 ′𝑖 , 𝑎𝑖 ) ← 𝑁 (𝑣 ′𝑖 , 𝑎𝑖 ) + 1 (9)

These updates ensure that nodes along promising paths—i.e., those associated with higher reward

values—are more likely to be revisited in subsequent rollouts, while underperforming branches

are naturally downweighted. The revised statistics directly impact the UCT score in Equation (2),

enabling adaptive exploration over the search space in ADP tasks.
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Algorithm 2: Execution-aware Pipeline Optimizer (EPO)

1 Function ExecutionAwareReward(P,T𝑙 ,𝑇𝑟):
2 𝑇𝑟 ← Execute(P,T𝑙);
3 reward← sim(𝑇𝑟 ,𝑇𝑟);

4 return reward;

5 Function SimulationCache(𝑣𝑖 , 𝐴
𝑖
𝑗 ,M, 𝑓LLM):

6 if (𝑣𝑖 , 𝐴𝑖
𝑗 ) ∈ M then

7 returnM[(𝑣𝑖 , 𝐴𝑖
𝑗 )];

8 𝜃𝑖 ← 𝑓LLM (PROMPT(𝑣𝑖 , 𝐴𝑖
𝑗));

9 M[(𝑣𝑖 , 𝐴𝑖
𝑗 )] ← 𝜃𝑖 ;

10 return 𝜃𝑖 ;

11 Function EarlyTermination(P,Pfound, 𝐾,T𝑙 ,𝑇𝑟):
12 if pipeline is correct via evaluating reward then
13 Pfound ← Pfound ∪ P;
14 if |Pfound | ≥ 𝐾 then
15 return True;

16 return False;

3.3 Execution-aware Pipeline Optimizer
The fundamental pipeline generator builds data preparation pipelines and scores them using a

self-reward strategy. This approach treats the LLM as a self-evaluator: given the source tables T𝑙 ,
the schema 𝑆𝑟 from the target table 𝑇𝑟 , and the generated pipeline P, the model infers a scalar

reward that reflects its confidence in the pipeline’s correctness. To further enhance the framework,

particularly in scenarios where execution signals are available, we develop the execution-aware
pipeline optimizer (EPO). Specifically, EPO includes two key optimizations: (i) execution-aware

reward optimization, and (ii) search accelerator via simulation cache and early termination. These

enhancements are modular and apply during both the expansion and simulation phases of MCTS.

A complete description of the procedure is provided in Algorithm 2.

Execution-aware reward optimization. Recall that the fundamental pipeline generator (FPG)
involves a self-reward strategy to estimate the correctness of a pipeline P. This reward is solely

based on LLM’s reasoning ability. It may give incorrect results due to hallucination issues. This

is especially common in multi-step pipelines, where small logical errors are easy to miss [16].

Therefore, we incorporate execution feedback into the reward calculation, referring to it as the

execution-aware reward (line 1 in Algorithm 2). As mentioned earlier, BAT generates a DP pipeline

P based on the current search state. Once a complete pipeline is synthesized, it can be executed

to output a table 𝑇𝑟 . Formally, 𝑇𝑟 = Execute(P,T𝑙 ). We then compute the similarity between 𝑇𝑟

and 𝑇𝑟 based on their schema similarity. Formally, 𝑠𝑖𝑚(𝑇𝑟 ,𝑇𝑟 ) = |𝑆𝑟∩𝑆𝑟 ||𝑆𝑟 | , where 𝑆𝑟 denotes the set of

column names in the output table𝑇𝑟 , and 𝑆𝑟 denotes the set of column names specified in the target

table 𝑇𝑟 . Specifically, the schema similarity metric evaluates both column names and data types,

and penalizes pipelines resulting in type mismatches (e.g., String vs. Integer), thereby ensuring the

robustness of the execution-aware reward optimization.

This reward provides a grounded and deterministic signal that reflects whether the pipeline

produces valid outputs. As to be verified by our experimental study in Section 4.3, we find that
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the execution-aware reward consistently outperforms the self-reward, especially under noisy or

ambiguous conditions.

Search accelerator. To improve the search efficiency of FPG, we introduce two strategies, namely

simulation cache (line 5 in Algorithm 2) and early termination (line 11 in Algorithm 2), respectively.

The simulation cache maintains a parameter prediction cacheM. It stores the result of each LLM

call for a context (𝑣𝑖 , 𝐴𝑖
𝑗 ) ∈ 𝑉 × A. In this way, when the same context is encountered in future

rollouts, the cached parameter 𝜃𝑖 is reused, circumventing redundant LLM inference calls. Formally:

𝜃𝑖 =M[(𝑣𝑖 , 𝐴𝑖
𝑗 )] if cached, else 𝜃𝑖 = 𝑓LLM (Prompt(𝑣𝑖 , 𝐴𝑖

𝑗 )) (10)

Furthermore, to avoid unnecessary exploration once the search has produced sufficient successful

candidates, EPO incorporates an early termination criterion. Let Pfound denote the set of pipelines
with reward 𝑟 = 1. If the number of such pipelines exceeds a user-defined threshold 𝐾 , the search

process is halted.

Together, simulation cache and early termination form a pair of synergistic strategies. They

collectively reduce redundant exploration in automatic data preparation tasks, leading to a more

efficient and targeted search process.

Discussion. Recall that we have proposed two reward strategies, namely, the self-reward strategy

and the execution-aware reward strategy. Alternatively, another reward strategy is the hybrid reward
strategy, which combines the rewards from both execution feedback and the LLM itself. However,

we observe that this strategy achieved an intermediate performance between the execution-aware

reward strategy and the self-reward strategy. More detailed experimental results can be found

in Section 4.3. This is due to the inherent instability of LLM. Even when informed by execution

feedback, the reward judgments of LLM cannot always guarantee correctness. Therefore, we adopt

the proposed execution-aware reward in BAT.
Schema similarity is insufficient to guarantee strict pipeline correctness. However, strict correct-

ness verification is infeasible in our “target-instance-free” task. Consequently, the primary objective

shifts from finding a strictly verified solution to identifying the most semantically plausible approx-

imate solution to minimize subsequent human intervention, as detailed in Section 1. Adopting the

insight from [50], which illustrates that implicit constraints are often sufficient to effectively guide

the possible pipeline generation in the absence of examples, BAT constructs a composite implicit
constraint that synergizes schema similarity with LLM semantic reasoning based on source table

data and target metadata. This synergy filters out mismatches and hallucinations, ensuring pipeline

reliability in most cases. Moreover, as shown in Section 4.3, we conduct an idealized experiment

where target instances are accessible for reward computation. The results show only a marginal

gap between instance-level rewards and schema-similarity-based rewards. This demonstrates that,

when coupled with LLM-driven reasoning, schema similarity is sufficient in most cases.

4 Experiments
Datasets. Due to the sensitive nature of enterprise data and proprietary business logic, public

datasets for this new task are scarce. Consequently, following recent SOTA works [42, 50], we

utilize two real-world ADP benchmarks currently available in the public domain. The statistics are

summarized in Table 3.

• Auto-Pipeline Benchmark. This benchmark was introduced by [50]. It features multi-step

pipeline synthesis using 700 ADP tasks from GitHub and industries. Each task includes a target

schema specified in a ‘by-target’ format, along with up to 10 transformation steps.

• Smart Building Benchmark. This dataset is originally released in [42], which aims to build

DP pipelines for energy data. It comprises 105 real-world tasks involving complex structural

transformations (such as aggregation, pivot, and column-wise computation). In this dataset,
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Table 3. Statistics of the datasets used in experiments.

Benchmark # of pipelines

avg. # of

input files

avg. # of

input cols

avg. # of

input rows

Auto-Pipline 481 3.4 8.3 8446.4

Smart Building 105 1 4.9 28.1

some target tables contain columns that are not relevant to the source tables directly. This better

reflects real-world scenarios, where target schemas often include extraneous or system-specific

fields beyond the scope of available data.

Evaluation Metrics. To evaluate the effectiveness of synthesized pipelines, we use two evaluation

metrics as follows:

• Execution Accuracy (EX). Recall that our goal is to generate an executable and correct DP

pipeline rather than a candidate pipeline. The former can actually inject data from sources into

the specific target table, while the latter may generate a new table that is semantically similar to

the target table (as described in Section 2.1). To this end, we define EX as a strict indicator of

end-to-end correctness. Given a generated pipeline P, we execute P(T𝑙 ) to produce an output

table 𝑇𝑟 , and compare it with the ground truth, i.e., target table 𝑇𝑟 . A result is marked as correct

(EX = 1) only if 𝑇𝑟 is identical to 𝑇𝑟 in both schema and data instances. This evaluation goes

beyond schema alignment to ensure the correctness of the pipeline. Note that the data instances

of 𝑇𝑟 are used solely during evaluation; the generation process has no access to target instances.

The strict equality comparison rules out false positives from type mismatches.

• Column Similarity (CS). Similar to the previous study [42], we define CS to measure schema-

level similarity between the predicted output table 𝑇𝑟 and the ground-truth target table 𝑇𝑟 . A

column pair is considered matched if its name exactly matches a column in the target schema.

This metric is particularly useful for identifying partially correct pipelines. For example, a pipeline

may fail to perform a group-by aggregation but still recover correctly named columns such as

Date or Store_id. In such cases, CS highlights a possible meaningful pipeline even when the

full output is incorrect (i.e., EX = 0).

To evaluate efficiency, we report the execution time (in minutes) for each ADP approach.

Implementation Details. We detail the hyperparameters used in BAT as follows. We adopt

the open-source Qwen-Coder family (i.e., 7B, 14B, and 32B) primarily due to its high resource

efficiency and deployment feasibility. Unlike larger proprietary models that incur prohibitive costs,

Qwen-Coder delivers competitive performance with significantly lower computational overhead,

making it ideal for our pipeline generation task (with Qwen-Coder-32B as the default). Also,

much larger LLMs, including GPT-OSS-120B and DeepSeek-V3.2, are employed to evaluate the

generalizability of BAT. In the fundamental pipeline generator (FPG), we configure MCTS with the

rollout budget 𝑁 = 10 to ensure sufficient exploration. The maximum search depth |𝑑 | is set to 5,

aligning with the number of actions defined in our DP Action Sandbox (DPAS). The exploration

constant 𝑐 is set to 1, as our sensitivity analysis in Section 4.3 confirms that variations in 𝑐 do

not significantly impact the overall quality of the synthesized pipeline. In the execution-aware

pipeline optimizer (EPO), the early termination threshold is set to 𝐾 = 2, as it achieves the best

balance between accuracy and efficiency (see Section 4.3 for detailed analysis). We adopt the

execution-aware reward strategy to evaluate pipeline correctness. Unless explicitly specified, all

hyperparameters are set to their default values. In addition, though the BAT framework is designed

to be a local deployment, due to limitations in our experimental environment, we use the Qwen

models via API calls. Importantly, all models used are open-source and self-hostable, ensuring that
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our implementation is consistent with the setting mentioned before. All experiments are conducted

on a Linux Server with an Intel(R) Xeon(R) Silver 4310 CPU (2.10GHz) and 128GB RAM. The

programs were all implemented in Python. All details of the full prompts and the source code of

BAT can also be found in https://github.com/ZJU-DAILY/BAT.

Methods Compared.We compare BAT against five representative methods as follows:

• SQLMorpher [42]. SQLMorpher is an end-to-end LLM-based ADP system. It constructs task-

specific prompts (optionally incorporating data hints) and iteratively refines the generated

transformations based on the SQL execution feedback. In our evaluation, we do not use any
data hints in SQLMorpher, as the provision of data hints often relies on domain experts, which

contradicts the goal of self-service data preparation, as discussed in Section 1. This setting ensures

a fair comparison with other methods that operate purely on the source table and target schema.

• Chain-of-Table [48]. This approach decomposes complex transformations into a sequence

of sub-tasks. It iteratively updates an intermediate table by applying one transformation at a

time rather than generating an entire program at once. To ensure a fair and comprehensive

comparison, we adapt the Chain-of-Table baseline by extending its operator library to support

all of the transformation operators defined in BAT (Section 2.2).

• Program-of-Thoughts(PoT) [5]. PoT is a paradigm that separates reasoning from computation

by prompting language models to generate executable code steps instead of relying solely on

natural language reasoning. Specifically, we adapt PoT to the ADP context by prompting the

LLM to express the transformation logic as executable Python programs (e.g., using pandas

operators). This allows the baseline to ground its reasoning in actual execution, making it a

robust competitor for synthesizing multi-step data preparation pipelines.

• ReAct [52]. ReAct integrates reasoning and acting by interleaving plans with actions and ob-

servations. In the context of ADP, this approach allows the LLM to reason over the execution

results and refine its generated pipeline based on those results. By incorporating inspection of

the transformation results, ReAct improves execution correctness in ADP pipelines.

• FunctionCalling [40]. FunctionCalling constrains the LLM’s action space by exposing a prede-

fined set of transformation functions via structured JSON. Although it is developed for general

tool-augmented tasks, its modular design makes it an appropriate method for ADP, where trans-

formations can be expressed as well-typed function calls. Therefore, we replace the original

function library with the DP transformation operators, as illustrated in Section 2.2. This enables

FunctionCalling to be applied for solving the task of ADP.

4.1 Main Results
Table 4 summarizes the overall results on both the Auto-Pipeline and Smart Building benchmarks.

Effectiveness. First, we observe that BAT consistently outperforms all SOTA competitors in terms

of both execution accuracy (EX) and column similarity (CS). More specifically, it achieves up to

4.85× improvements in EX. This demonstrates that our tree-structured search process, coupled

with execution-aware optimization, facilitates generating more reliable DP pipelines. Second, we

also observe that the performance of BAT is positively correlated with the model size of LLM.

BAT achieves the best performance using the LLM with 32B parameters. This indicates that larger

LLM models provide stronger reasoning capability in the ADP task. Note that BAT-14B also delivers

competitive performance with higher CS than other competitors. These results show that BAT can

significantly enhance the capabilities of LLM in ADP tasks, even at smaller scales. Third, among

the baselines, ReAct shows strong performance, particularly on the Auto-Pipeline benchmark.

Its ability to interleave reasoning and acting contributes to improved effectiveness in ADP tasks.

FunctionCalling performs poorly across both benchmarks, especially on Smart Building (EX =
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Table 4. Overall results on Auto-Pipeline and Smart Building benchmarks.

Method LLM Model Auto-Pipeline Benchmark Smart Building Benchmark

EX(%) CS(%) Time(min) EX(%) CS(%) Time(min)

SQLMorpher Qwen2.5-Coder-32B 71.46 75.22 0.50 55.45 58.54 0.42

Chain-of-Table Qwen2.5-Coder-32B 56.13 58.77 0.12 43.81 48.03 0.16
PoT Qwen2.5-Coder-32B 77.03 79.97 0.09 51.43 56.55 0.20

ReAct Qwen2.5-Coder-32B 79.83 84.40 0.10 51.43 60.47 0.22

FunctionCalling Qwen2.5-Coder-32B 18.27 50.29 0.28 19.61 30.08 0.40

BAT-32B Qwen2.5-Coder-32B 88.57 89.69 1.16 68.57 84.67 3.24

BAT-14B Qwen2.5-Coder-14B 82.95 85.74 1.20 48.57 60.84 3.17

BAT-7B Qwen2.5-Coder-7B 47.19 49.80 1.47 17.14 35.19 4.34

1
We report Execution Accuracy (EX↑), Column Similarity (CS↑), and average runtime (Time ↓, in minutes).

2 Bold indicates current optimal values, while underscored values are suboptimal.

0 20 40 60 80 100
length9+
length6
length5
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length2
length1

groupby join union rename pivot unpivot

Fig. 6. Operator distribution of Auto-Pipeline benchmark.

19.61%). This result suggests that a function invocation scheme is insufficient for complex multi-step

reasoning tasks. In addition, all methods, including BAT, perform better on Auto-Pipeline than

on Smart Building. This is due to the characteristics of the Smart Building benchmark. It contains

ambiguous and irregular schema structures. In addition, they also include schema noise in the

target table. Such characteristics increase the difficulty of identifying correct DP pipelines. All

methods struggle in this setting, especially when no external hints are provided.

Furthermore, we evaluated the effectiveness of each method on pipeline generation tasks with

varying difficulty levels. We follow [50] to use pipeline length to indicate the difficulty of pipeline

generation. Longer length denotes a more challenging task. Note that the datasets in the Smart

Building benchmark can not be grouped by pipeline length and are therefore excluded from this

analysis. Figure 7 shows the corresponding results. It is observed that BAT-32B maintains strong

performance across most lengths, with a decline at length 9+. In contrast, SQLMorpher performs

relatively well on length 9+ tasks, due to its strength in handling union operations, which are more

common in longer pipelines. However, it performs poorly on shorter pipelines that require more

precise and diverse transformations, such as GroupBy, Rename, and Pivot. This observation is

consistent with the operator distribution shown in Figure 6. Here, short pipelines are dominated by

Join and GroupBy, whereas complex pipelines (length 9+) exhibit a surge in Union operations. These

results suggest that SQLMorpher performs well in specific scenarios but lacks general versatility.

Overall, BAT demonstrates more stable and robust performance across varying levels of length.

Efficiency.We now turn our attention to the evaluation of efficiency, with results shown in Table 4.

We can observe that the runtime of both BAT and the competitors can be completed in minutes.

However, the runtime of BAT is slightly longer than the other competitors. Notably, although

the running time of BAT takes a little bit longer, BAT achieves up to 4.85× improvements in the
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Fig. 7. Execution accuracy (EX) and column similarity (CS) results vs. different pipeline length.

Table 5. Effect of simulation cache (SC) and early termination (ET) on EPO, by reporting execution accuracy
(EX), column similarity (CS), and running time.

Configuration
Auto-Pipeline Benchmark Smart Building Benchmark

EX(%)CS(%) Time(min) EX(%)CS(%) Time(min)

w/ SC & ET 88.57 89.69 1.16 68.57 84.67 3.24

w/o SC & ET 86.69 87.55 1.87 69.38 82.39 4.75

w/o SC 88.36 88.87 1.40 69.52 84.24 4.12

w/o ET 87.44 89.54 1.66 68.57 85.39 3.91

end-to-end data preparation pipeline execution accuracy. We want to emphasize that this efficiency-

accuracy trade-off is worthwhile. In enterprise systems, DP pipelines usually run weekly, daily, or

hourly [22]. Therefore, a pipeline generation time in minutes is sufficient for most DP scenarios.

Under such a condition, the improvement of accuracy is particularly critical in practice.

4.2 Ablation Study
We conduct ablation studies to evaluate the impact of two critical components in BAT, including
the execution-aware pipeline optimizer (EPO) and the transformation constraints within the DPAS.
Impact of EPO components. First, we evaluate the effectiveness of EPO, which consists of two

components: simulation cache (SC) and early termination (ET). We compare four configurations:

(i) with both SC and ET enabled (w/ SC & ET), (ii) with both disabled (w/o SC & ET), (iii) with only

SC disabled (w/o SC), and (iv) with only ET disabled (w/o ET). Table 5 reports the results.

As can be observed, removing either SC or ET results in increased runtime on all benchmarks.

This verifies that both SC and ET contribute significantly to the efficiency of BAT. In particular,

the absence of the simulation cache leads to redundant LLM queries during the tree-structured

search process, as parameter predictions must be recomputed for the same node states. Similarly,

without early termination, the search continues exploring even after high-quality pipelines have

already been found. Besides, we can observe that both EX and CS vary slightly across different

configurations. Though there are some fluctuations, the variation in EX does not exceed 1%, and

the CS differences are minor. These results demonstrate that EPO successfully improves efficiency

through SC and ET components without materially compromising pipeline quality.
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Table 6. Effect of transformation constraints.

Setting Auto-Pipeline Benchmark Smart Building Benchmark

EX(%) CS(%) Time(min) EX(%) CS(%) Time(min)

Constrained (BAT-32B) 88.57 89.69 1.16 68.57 84.67 3.24
Unconstrained (BAT-32B) 88.44 89.19 5.87 69.52 81.80 10.17

Table 7. Effect of reward strategy.

Benchmark Reward strategy EX(%) CS(%) Time(min)

Auto-Pipeline

Self reward 83.78 86.29 1.27

Execution-aware reward 88.57 89.69 1.16
Hybrid reward 87.94 88.64 1.29

Smart Building

Self reward 44.76 54.34 3.49

Execution-aware reward 68.57 84.67 3.24
Hybrid reward 59.05 69.67 3.54

Effect of transformation constraints. Second, we examine the role of transformation constraints

in DPAS by comparing BAT with an unconstrained variant in which these constraints are removed.

As shown in Table 6, removing transformation constraints has a negligible effect on the quality

of the synthesized pipelines. However, the unconstrained variant incurs a substantial efficiency

penalty, with runtime increasing by approximately 5× on Auto-Pipeline and 3× on Smart Building,

respectively. This slowdown stems from the significantly expanded search space, which introduces

many redundant or semantically invalid transformation sequences. These results demonstrate that

transformation constraints serve as effective pruning heuristics in DPAS.

4.3 Further Analysis
We present further analysis to provide deeper insight into the behavior, robustness, and limitations

of BAT. Specifically, we examine: (i) the effect of different reward strategies during search; (ii) the

reliability of BAT compared to its idealized variant; (iii) the effect of the early termination threshold

on search efficiency and quality; (iv) the sensitivity of BAT to the exploration constant in MCTS;

(v) the generalizability of BAT across diverse LLM models; (vi) the scalability of BAT with respect

to table size and table number; and (vii) failure patterns through detailed error analysis.

Effect of reward strategies. To investigate the impact of different reward strategies on the

execution-aware pipeline optimizer EPO, we compare the following three reward strategies: the

self-reward strategies, the execution-aware reward strategy, and the hybrid reward one. Detailed

information can be found in Section 3.3. The results are summarized in Table 7. First, we observe

that the execution-aware reward consistently outperforms the other two strategies in terms of

both execution accuracy and column similarity. These results confirm that incorporating execution

feedback provides a more reliable and precise evaluation of pipeline correctness. Second, as can be

observed, the hybrid reward strategy performs better than the self-reward one. This suggests that

combining LLM reasoning with execution feedback facilitates more reliable pipeline generation.

The feedback helps correct potential mistakes that the LLM might overlook when reasoning alone.

Third, strategies that rely on LLMs, such as hybrid reward and self-reward, generally take longer

runtimes. This is because they involve additional inference steps during evaluation.

Reliability of BAT undermetadata-only setting. We evaluate the robustness of our approach by

comparing it with an "idealized" instance-aware setting. We denote our method as BAT w/o instance

(metadata-only), and introduce an idealized variant, BAT w/ instance (Ideal), where target instances
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are assumed to be available for reward computation. As depicted in Figure 10, the performance gap

remains remarkably narrow across different LLM models. This observation empirically confirms

that the semantic implicit constraints utilized in our framework effectively compensate for the

absence of instance-level feedback, validating BAT’s reliability in metadata-only environments.

Effect of early termination threshold. We investigate the impact of the early termination

threshold 𝐾 on EPO. As shown in Figure 8, increasing K first leads to a drop in performance,

followed by a recovery. This trend is more pronounced on the Smart Building benchmark, while the

Auto-Pipeline benchmark remains relatively stable. The initial performance drop occurs because

the expanded search process includes lower-quality pipeline candidates. Performance eventually

recovers as the search explores more options and identifies higher-quality candidates – but at a

significant runtime cost. Therefore, we set 𝐾 = 2 as the default value, as it achieves the best balance

between accuracy and efficiency.

Effect of exploration constant. We further investigate the effect of the exploration constant 𝑐 of

MCTS for the fundamental pipeline generator (FPG) by using three settings: 1, 1.5, and 2. As shown

in Figure 9, execution accuracy and column similarity exhibit minor fluctuations as the constant

increases, but the variation remains within a narrow range. In summary, the exploration constant

does not significantly affect the overall pipeline quality.

Generalizability across diverse LLMs. To address concerns regarding whether the performance

of BAT is specific to the Qwen-Coder family, we extended our evaluation to include two other

state-of-the-art open-source LLMs: GPT-OSS-120B and DeepSeek-V3.2. As summarized in Table 8,

BAT consistently achieves the highest execution accuracy across both model architectures on both

benchmarks. These findings confirm that the effectiveness of our proposed tree-search framework

and execution-aware optimization is model-agnostic and robust across different LLM families.

Effect of table size and number. We focus our evaluation on the Auto-Pipeline benchmark, as it

exhibits substantial variance in both table number and schema complexity. The Smart Building

benchmark is excluded, as it focuses on single-table tasks with column sizes concentrated in a

narrow range and therefore does not reflect scalability. Here, table size is defined as the number of

columns rather than row counts. This is because our metadata-driven synthesis relies on schema

information and few-shot samples; row counts do not impact the LLM’s reasoning complexity. To

ensure rigorous comparison, we group tasks into five balanced intervals.

The results in Figure 11 reveal the following two key insights. (i) Impact of table number:
BAT exhibits a modest performance decline as the number of tables increases, a trend expected

given the escalating structural complexity. However, performance stability varies by model size:

the fluctuations observed in smaller models (i.e., BAT-7B and BAT-14B) are attributable to their

limited capacity in handling complex multi-table reasoning. (ii) Impact of table size: As can be

observed, while smaller models exhibit fluctuations due to the aforementioned limited capacity,

larger models show only minor performance variations across different column counts, indicating

a weak correlation between execution accuracy and schema width. Notably, the lower performance
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Table 8. Generalizability analysis.

Method Auto-Pipeline Benchmark Smart Building Benchmark
EX(%) CS(%) Time(min) EX(%) CS(%) Time(min)

Model: GPT-OSS-120B

SQLMorpher 91.14 93.77 0.38 70.19 71.05 0.36

Chain-of-Table 80.87 81.00 0.12 67.62 71.04 0.25

PoT 88.98 89.31 0.07 73.33 78.96 0.18

ReAct 90.44 90.97 0.09 77.14 84.76 0.21

FunctionCalling 27.74 56.30 0.15 55.21 63.92 0.12
BAT (Ours) 91.27 91.27 0.54 85.71 90.58 1.02

Model: DeepSeek-V3.2

SQLMorpher 89.41 94.36 0.38 74.76 76.24 0.36

Chain-of-Table 84.41 85.28 0.12 55.24 59.50 0.25

PoT 88.15 89.31 0.07 63.81 69.37 0.18

ReAct 88.77 90.28 0.09 74.29 82.15 0.21

FunctionCalling 28.71 54.28 0.15 22.30 33.25 0.12
BAT (Ours) 93.14 93.28 0.54 76.19 82.47 1.02

observed when table sizes fall within the 1–3 range is attributed to heightened semantic ambiguity.

Tasks with fewer columns often lack sufficient semantics, but they may still require intricate

transformations. Indeed, we would like to emphasize that the performance of pipeline synthesis is

governed by semantic complexity rather than table size.

Error Analysis. To gain deeper insights into why certain pipelines fail, we conducted a compre-

hensive analysis of the failed cases on the Auto-Pipeline dataset. As shown in Figure 12, BAT-32B,

ReAct, and PoT exhibit relatively balanced error distributions across major operators. Their failures

are concentrated mainly in Join, GroupBy, and Union. It is primarily associated with intrinsically dif-

ficult pipelines involving complex interactions among multiple operators. In contrast, SQLMorpher,

Chain-of-Table, and FunctionCalling display more skewed error distributions. For these methods,

Join and GroupBy account for a disproportionately large share of failures, while Union contributes

a comparatively smaller fraction. This pattern suggests that these approaches are more robust to

structural schema alignment, as required by Union, but struggle with semantic reasoning. Across

all methods, Pivot, Unpivot, and Rename contribute minimally to the total error count, largely due

to their low frequency in the benchmark.

5 Related Work
ADP methods. There is a large body of prior ADP work. Transform-by-example (TBE) [1, 11, 13–

15, 23, 24, 27, 43] enables users to specify desired data transformations by providing one or more

illustrative examples. Transform-by-pattern [25] seeks to discover reusable transformation logic by
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Fig. 12. Failure cases on the Auto-pipeline dataset.

analyzing large corpora of table columns and their structural patterns. Transform-for-joins [31, 54]

focuses on automatically generating equi-joins between tables with semantically matching, but

textually differing, key columns. Transform-by-target [49, 50] focuses on synthesizing end-to-end

data pipelines that transform raw input tables into a predefined target table, leveraging functional

dependencies and keys to guide the transformation process. The methods above synthesize trans-

formation operators guided by the provided data examples, which heavily rely on direct access

to the target table instances. Other methods, such as Auto-Tables [30] and Auto-Prep [29], utilize

target table instances for training reliable ADP models. However, these supervised methods require

a proportional amount of training data (e.g., Auto-Pipeline and AutoPrep require ≥ 50% data), not

few-shot examples, which is impractical in most real-world scenarios. Furthermore, relying on

even ‘few-shot examples’ violates the strict privacy constraint in cross-department collaboration in

our task, rendering these methods inapplicable. In summary, these studies either require target

instances or involve labor-intensive training efforts, in contrast to the task addressed in this paper.

More recently, both academia and industries utilize LLMs to solve ADP problems, allowing data

preparation without labor-intensive efforts, such as collecting supervision signals. SQLMorpher [42]

tackles the ADP problem by prompting LLMs to generate SQL transformation scripts. Its prompt

incorporates attribute descriptions and external data hints. It is the most comparable to our work

in terms of both objective and formulation. However, our proposed BAT requires zero external
knowledge for the guidance of pipeline synthesis, and achieves more comprehensive performance

than that of SQLMorpher, as verified in the experiments in Section 4.1. In addition, ChatPipe[4] and

Text-to-Pipeline[9] explore a different direction – focusing on interactive, language-driven pipeline

synthesis. Similarly, Palantir Foundry, the famous operating system for the modern enterprise,

provides a pipeline builder assistant, which leverages LLMs to fulfill user-specified single-step DP

transformation requirements [21]. These approaches rely on explicit user intent. Thus, they are

orthogonal to our problem setting.

LLM-based multi-step reasoning methods. In recent years, LLM-based multi-step reasoning

methods have been widely applied to handle complex multi-step tasks [3, 7, 39, 51]. Although these

methods were not specifically proposed for solving the ADP problem, they can be readily applied
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to ADP, given its nature as a multi-step task. We now introduce several representative and state-of-

the-art methods from this category. Program-of-Thoughts (PoT) [5] enhances complex reasoning

by prompting language models to output executable code steps instead of plain text. Chain-of-

Table [48] extends this by evolving intermediate table states, enabling LLMs to iteratively generate

and apply operators, providing structured context throughout the transformation. ReAct [52]

combines reasoning with action execution, incorporating feedback mechanisms like execution

validation to improve the correctness of synthesized pipelines. FunctionCalling [40] constrains

LLMs to invoke a pre-defined set of structured transformation operators with well-typed JSON

arguments. These methods can be easily adapted to the ADP task by modifying their reasoning

procedures and aligning their operator settings with DP transformation primitives. More detailed

adaptations are described in Section 4.

6 Conclusions
In this paper, we present BAT, an open-source LLM-powered automatic data preparation framework,

which is driven by Monte Carlo Tree Search (MCTS). In BAT, we first introduce a DP action sandbox

(DPAS) to constrain the exploration space. Then, FPG generatesmulti-step pipelines via the proposed

LLM-driven Monte Carlo tree search method. At each search step, a large language model (LLM)

analyzes the source table and the target table schema to propose the next transformation action.

Once a complete DP pipeline is generated, the LLM evaluates the reliability of the generated pipeline

using a reward mechanism. Finally, BAT selects the most reliable pipeline as the result. To further

improve search reliability and efficiency, we design an execution-aware pipeline optimizer (EPO).
It incorporates execution-aware reward mechanisms to ensure the reliability and accelerates the

search process via simulation caching and early termination. Comprehensive experiments confirm

the superiority of BAT. In the future, we would like to incorporate user intent into automated

data preparation. By allowing users to guide the process with natural language commands, we

can ultimately make the system accessible to a much broader audience. We plan to develop more

complex and large-scale datasets in the future.
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