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ABSTRACT
Data preparation, which aims to transformheterogeneous and noisy
raw tables into analysis-ready data, remains a major bottleneck in
data science. Recent approaches leverage large language models
(LLMs) to automate data preparation from natural language spec-
ifications. However, existing LLM-powered methods either make
decisions without grounding in intermediate execution results, or
rely on linear interaction processes that offer limited support for
revising earlier decisions. To address these limitations, we propose
DeepPRep, an LLM-powered agentic system for autonomous data
preparation. DeepPRep constructs data preparation pipelines through
iterative, execution-grounded interactionwith an environment that
materializes intermediate table states and returns runtime feed-
back. To overcome the limitations of linear interaction, DeepPRep
organizes pipeline construction with tree-based agentic reasoning,
enabling structured exploration and non-local revision based on
execution feedback. To enable effective learning of such behaviors,
we propose a progressive agentic training framework, togetherwith
data synthesis that supplies diverse and complex ADP tasks. Exten-
sive experiments show that DeepPRep achieves data preparation
accuracy comparable to strong closed-source models (e.g., GPT-5)
while incurring 15× lower inference cost, while establishing state-
of-the-art performance among open-source baselines and general-
izing effectively across diverse datasets.
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Figure 1: Overview of Autonomous Data Preparation (Top)
and Performance of DeepPRep (Bottom).
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1 INTRODUCTION
Data preparation remains a major bottleneck in data science, often
consuming 60%–80% of end-to-end analysis time [6]. This is due
to the heterogeneity, noise, and misalignment across sources, as
well as the iterative and interdependent nature of data preparation
operations such as cleaning, joining, and aggregation. To address
these challenges, autonomous data preparation (ADP) aims to au-
tomatically transform multiple source tables into analysis-ready
data based on a high-level target specification, by generating an
executable transformation pipeline. For example, as shown in Fig-
ure 1, given several source tables and a target description such as
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Figure 2: An illustrative example highlighting the core idea of DeepPRep. (a) Code generationmakes decisionswithout ground-
ing in intermediate execution results. (b) ReAct-style approaches follow linear reasoning with limited ability to revise earlier
decisions. (c) DeepPRep applies a tree-based structured exploration, which enables backtracking to resolve non-local errors.

“I need a table containing …”, the system automatically generates
and executes the required transformation steps.
State-of-the-ArtApproaches.Existing approaches to autonomous
data preparation broadly fall into two categories.
• Traditional methods rely on rigid specifications such as input–

output examples, transformation templates, or rule-based pro-
gram synthesis [3, 17, 18, 20, 36]. While effective in constrained
settings, these approaches are not designed to flexibly accom-
modate data preparation intent expressed in natural language.

• Recent approaches leverage large languagemodels (LLMs) to au-
tomate data preparation from natural language specifications [7,
8, 29, 31, 45]. Prompting-based methods generate data prepara-
tion code directly from task descriptions and examples [24, 28,
32], but make decisions without systematic grounding in inter-
mediate execution results, often leading to error-prone pipelines.
ReAct-style approaches incorporate execution feedback by in-
terleaving reasoning with task-specific actions [2, 42]. However,
this interaction follows a linear trajectory without explicit sup-
port for revising earlier decisions, which may be inadequate for
autonomous data preparation, where early mistakes often be-
come evident only after several dependent operations.

Our Proposal. To address these limitations, we propose Deep-
PRep, an LLM-powered agentic system for autonomous data prepa-
ration. DeepPRep constructs data preparation pipelines through it-
erative, execution-grounded interaction with an environment that
materializes intermediate table states and returns runtime feed-
back. Unlike one-shot code generation and linear ReAct-style inter-
action, DeepPRep organizes pipeline construction with tree-based
agentic reasoning. This design enables structured exploration and
non-local revision when execution feedback indicates that earlier
decisions are suboptimal. Specifically, given source tables and a
target schema, DeepPRep operates in an iterative loop as below:
• Planning: observing the current execution state and synthesiz-

ing a high-level plan for transforming existing tables.
• Orchestration: instantiating the plan as an executable operator

pipeline with specified parameters.
• Execution: executing the pipeline tomaterialize new table states

and returning runtime feedback for subsequent decisions.

Through iterative interaction with execution feedback, DeepPRep
incrementally refines its decisions and converges to a data prepara-
tion pipeline that produces a table conforming to the target schema.

Example 1. Consider the example in Figure 2. The goal is to con-
struct a table for analyzing director performance across genres us-
ing audience ratings. A linear agent following a ReAct-style interac-
tion may prematurely join and aggregate the data, resulting in multi-
valued entries such as “Sci-Fi, Action” in the genre column, which vio-
lates the target schema constraint requiring single-valued categories.
Correcting this error requires revisiting an earlier cleaning decision
on the movies table, i.e., inserting an Explode operation before reap-
plying downstream joins and aggregations.

DeepPRep supports this naturally. It can backtrack to the execution
state where the incorrect decision was made, expand an alternative
branch with the corrected operation, and reuse valid operator prefixes
from existing partial pipelines to produce a correct result.

Challenges and Solutions.We study the research challenges posed
by the above agentic framework and outline our solutions.

The first challenge is how to support structured exploration and
non-local backtracking under execution feedback. To address this,
DeepPRepmaintains an explicit tree ofmaterialized execution states
during pipeline construction, where nodes represent intermediate
tables produced by executed operators and edges record the ap-
plied operator pipelines.This representation enables execution feed-
back to be precisely attributed to earlier decision points, allowing
the agent to backtrack and revise upstream choices when down-
stream failures occur. Building on this structure, DeepPRep intro-
duces action-structured LLM interactions that operate directly over
the tree, enabling the agent to incrementally expand, revise, or
backtrack branches based on execution feedback.

The second challenge is how to effectively train LLMs for the
tree-based agentic reasoning. A straightforward solution is to ap-
ply reinforcement learning with outcome-level rewards [15, 22].
However, this setting introduces two difficulties. First, reward spar-
sity: long and interdependent pipelines make outcome insufficient
for learning structured exploration and non-local backtracking. Sec-
ond, data scarcity: existing ADP datasets focus on simple, short
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pipelines [21, 27], limiting supervision for multi-step, execution-
aware reasoning. To address these challenges, we propose a Pro-
gressive Agentic Training framework that (i) initializes the model
with basic operator usage and tree-based interaction patterns, (ii)
refines the policy through multi-turn reinforcement learning with
a hybrid reward that considers both outcome-level and process-
level signals, and (iii) leverages data synthesis to construct diverse
and complex ADP tasks for training.
Contributions. We summarize our contributions as follows.
(1) We study the problem of autonomous data preparation with
support for a wide range of data preparation operators (Section 2),
and introduce an LLM-powered agentic framework (Section 3).
(2)We propose two techniques to tackle the challenges of this prob-
lem: tree-based agentic reasoning for inference (Section 4) and pro-
gressive agentic training for agent optimization (Section 5).
(3) We conduct extensive experiments on real-world ADP bench-
marks. Results show that DeepPRep achieves accuracy compara-
ble to closed-source models (e.g., GPT-5) at 15× lower inference
cost, while establishing state-of-the-art performance among open-
source baselines and generalizing well across diverse datasets.
(4) We release the code, data, and a comprehensive set of trained
model weights (from 0.5B to 14B parameters), enabling users to
deploy ADP agents under different computational budgets.

2 PRELIMINARIES
2.1 Problem Formulation
Source and Target Data. We consider a set of source tables S =
{𝑆1, . . . , 𝑆𝑛}. Each source table is denoted as 𝑆𝑖 = (Σ𝑖 , 𝐷𝑖 ), where
Σ𝑖 denotes the schema of 𝑆𝑖 and 𝐷𝑖 denotes the set of tuples con-
forming to Σ𝑖 .The schema Σ𝑖 captures both table-level and column-
level specifications and is defined as Σ𝑖 = (𝜏𝑖 ,𝐶𝑖 ). Here, 𝜏𝑖 repre-
sents a textual description that summarizes the semantic meaning
of the table, and𝐶𝑖 = {𝑐1

𝑖 , . . . , 𝑐
𝑚𝑖
𝑖 } denotes the set of column speci-

fications. Each column specification 𝑐 𝑗𝑖 includes column-level meta-
data such as column name, data type, and semantic description. In
practice, the schema Σ𝑖 of a source table may be partially speci-
fied or entirely unavailable. In such cases, table- and column-level
specifications can be inferred from the raw data in𝐷𝑖 . For example,
each source table 𝑆𝑖 in Figure 2 consists of a schema Σ𝑖 which may
be specified by table- and column-level information, and a set 𝐷𝑖

of data tuples, e.g., (1,“jurassic park”, 101, “Sci-Fi”).
Similarly, the target table is denoted as 𝑇 = (Σ∗, 𝐷∗), where

Σ∗ = (𝜏∗,𝐶∗) specifies the target schema and𝐷∗ denotes the target
tuples to be produced. Note that, in autonomous data preparation,
only the target schema Σ∗ is given as input, while the target tuples
𝐷∗ are unknown andmust be generated by transforming and clean-
ing the source data. For example, in Figure 2, the target schema Σ∗

is specified by a table-level description (e.g., “I need a table contain-
ing …”) and a set of column specifications, each including a column
name (e.g., “director_name”) and a corresponding semantic descrip-
tion (e.g., “The name of the director.”).
Data Preparation Pipeline.We model the process of data prepa-
ration as a composition of operators applied to source tables. Specif-
ically, an operator represents a primitive data transformation. For-
mally, an operator 𝑜 is characterized by its type 𝜅 and parameters

𝜃 , and defines a function 𝑜𝜃 : T → T , where T denotes a set of
tables, and each table is of the form (Σ, 𝐷) as defined previously.
Given an input table set Tin, the operator produces an output table
set, i.e., Tout = 𝑜𝜃 (Tin). Note that different operator types capture
different classes of data transformations, such as filtering, joining,
aggregation, and cleaning. The current operator types supported
by DeepPRep will be introduced in Section 2.2.

We then define a data preparation pipeline (or pipeline for short)
as an ordered sequence of operators applied iteratively to trans-
form a set of source tables S into a target table 𝑇 . We use the
symbol “→” to denote the left-to-right application order between
adjacent operators, i.e., the output produced by an operator is fed
as the input to the operator to its right. Formally, a pipeline P is
defined as an ordered composition of 𝑘 operators over S, i.e.,

P = (S, 𝑜 (1)
𝜃1

→ 𝑜 (2)
𝜃2

→ · · · → 𝑜 (𝑘 )
𝜃𝑘

) . (1)

Given a set of source tables S, the execution of pipeline P pro-
duces a sequence of intermediate table sets, i.e., T0 = S, T𝑖 =
𝑜 (𝑖 )
𝜃𝑖

(T𝑖−1), 𝑖 = 1, . . . , 𝑘, where T𝑘 denotes the final output of the
pipeline, which contains only the target table 𝑇 , i.e., T𝑘 = {𝑇 }.
Consider operator Deduplicate (movies, [id], first) as an exam-
ple. Its operator type 𝜅 is Deduplicate and its parameters 𝜃 refer
to (movies, [id], first). Executing this operator on source tables
produces intermediate tables consisting of a cleaned movie, while
tables ratings and directors remain unchanged.
Problem Statement.Given a set of source tablesS = {𝑆1, . . . , 𝑆𝑛},
a target schema Σ∗, and a set of available operator types O, the
autonomous data preparation (ADP) problem is to find an optimal
data preparation pipeline P that transforms S into a target table
𝑇 = (Σ∗, 𝐷), where𝐷 denotes the tuples produced byP that satisfy
the target schema Σ∗. We assume a ground-truth target table𝑇 ∗ =
(Σ∗, 𝐷∗), which is used only for evaluation. Thus, the optimality of
a pipeline is defined by the quality of 𝐷 with respect to 𝐷∗ under
task-specific evaluation metrics, which will be introduced in the
experimental setup (Section 6.1).

Example 2. Figure 2 provides an example of an ADP task with
three source tables: movies, ratings, and directors. The goal is to gen-
erate a target table that conforms to a given target schema.The target
schema describes both the overall semantics of the table and its de-
sired structure. Specifically, it provides a table-level summary of the
intended content and specifies column-level requirements, including
column names (e.g., genre), semantic meanings (e.g.,movie genre cat-
egory), and data constraints (e.g., single-valued values). To achieve
this goal, we construct a data preparation pipeline composed of mul-
tiple operators, such as Deduplicate and Join. Each operator is ap-
plied to the current set of tables and produces updated intermediate
tables. For example, applying Join merges the movies and directors
tables on movie titles, yielding a table named movies_directors_join
that integrates movie data with director names, while keeping the
ratings table unchanged. After executing all operators in the pipeline,
the process produces the target table, shown on the right of Figure 2.
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2.2 Supported Data Preparation Operators
DeepPRep supports a broad set of data preparation operators and
is designed to be extensible, allowing new operator types to be in-
corporated as needed. In total, we consider 31 operators, organized
into eight categories that cover the major transformation patterns
in data preparation pipelines. Due to space constraints, we provide
descriptions of typical operators in each category, with complete
specifications available in [1].

2.2.1 Data Cleaning. Data cleaning operators improve data qual-
ity by detecting, fixing, or removing erroneous, missing, or dupli-
cate records, and are commonly applied in data preparation pipelines.
• MissingValueImputation(table, column, mode) imputesmiss-

ing values in a specified column using a statistical strategy, with
mode selecting the method (e.g., mean, median, or mode).

• Deduplicate(table, subset, keep) removes duplicate rows based
on specified columns, retaining either the first or last occurrence
as determined by keep.

2.2.2 Value Normalization. Value normalization operators standard-
ize field values and data types to ensure semantic consistency.
• ValueTransform(table, column, func) applies a user-defined

transformation function to values in a specified column to stan-
dardize their format.

• StandardizeDatetime(table, column, format) converts val-
ues in a specified column to a user-defined datetime format.

2.2.3 Schema Editing. Schema editing operatorsmodify table struc-
ture and column semantics, enabling column selection, renaming,
derivation, and restructuring to align raw datawith the target schema.
• RenameColumn(table, rename_map) renames columns ac-

cording to a specified mapping from original to target names.
• AddNewColumn(table, name, func) adds a new column com-

puted from existing data using a row-wise function.

2.2.4 Row Selection. Row selection operators manipulate tables
by filtering, ordering, or selecting subsets of rows.
• Filter(table, func) selects rows satisfying a given predicate.
• Sort(table, by, ascending) orders rows in a table based on

specified columns, with ascending controlling the direction.
• TopK(table, k) retains the top-𝑘 rows of the table.

2.2.5 Aggregation. Aggregation operators summarize data by group-
ing records and computing statistics, transforming row-level data
into compact, analysis-ready representations.
• GroupBy(table, by, agg) groups rows by specified columns

and applies aggregation functions defined by agg.
• Count(table) returns the total number of rows in the table. We

treatCount as a primitive aggregation operator for convenience,
though it can be viewed as a special case of GroupBy without
grouping keys.

2.2.6 Table Combination. Table combination operators integrate
data from multiple tables into a unified representation, enabling
multi-source data preparation pipelines.
• Join(left, right, on, how) combines two tables based on spec-

ified key columns using a join type defined by how.
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Figure 3: An overview of DeepPRep.

• Union(tables, how) vertically combines multiple tables with
compatible schemas, with how determining whether duplicate
rows are retained or removed.

2.2.7 Table Reshaping. Table reshaping operators reorganize the
structural layout of tables, such as converting between wide and
long formats or expanding nested fields.

• Pivot(table, index, columns, values, aggfunc) reshapes a ta-
ble from long to wide format by aggregating values at the inter-
section of specified index and column identifiers.

• Stack(table, id_vars, value_vars) reshapes a table to long
format by collapsing multiple columns into key–value pairs.

2.2.8 Program Synthesis. Theprogram synthesis operator provides
a general mechanism for handling transformations that cannot be
expressed using the above predefined operators.

• ExeCode(tables, target, func) generates a target table from
input tables by executing Python code synthesized by an LLM,
enabling transformations that cannot be expressed using the
above predefined operators.

3 AN OVERVIEW OF DEEPPREP
DeepPRep employs an agentic framework to autonomously orches-
trate data preparation pipelines, as illustrated in Figure 3. Given
a set of source tables S and a target schema Σ∗, DeepPRep itera-
tively interacts with an environment that executes data transfor-
mations and provides feedback. The environment maintains an ex-
ecution state represented by a set of intermediate tables, initial-
ized with the source tables S. Operator instances are executed
within the environment through concrete execution backends (e.g.,
a Python interpreter), which apply transformations to the current
state and produce updated tables along with execution feedback.
Given the target schema Σ∗, DeepPRep interacts with the environ-
ment through an iterative process that alternates among the plan-
ning, orchestration, and execution steps, as described below.

• In the planning step, the agent observes the current execution
state and synthesizes a high-level textual plan that outlines how
to transform the existing tables toward the target schema.
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• In the orchestration step, DeepPRep translates this plan into an
executable pipeline by selecting appropriate operator types and
instantiating them with specific parameters.

• In the execution step, the orchestrated pipeline is submitted to
the environment, which executes the operators, updates its in-
ternal state with newly generated intermediate tables, and re-
turns execution feedback, such as sample outputs or error traces.

Through iterative interaction with execution feedback, DeepPRep
progressively refines planning and orchestration decisions and con-
verges to a pipeline that produces a desired target table.

Example 3. Consider the ADP task shown in Figure 2. The envi-
ronment is initialized with the source tables and target schema.
• To align the data with the target schema, the agent first generates

a high-level textual plan, such as “Clean table movies…”.
• Based on this plan, the orchestration step instantiates a pipeline,

i.e., a sequence of operators, e.g., Deduplicate(…) followed by
ValueTransform(…). The orchestrated operators are then submit-
ted to the environment for execution.

• Upon execution, the environment applies the operators to the cur-
rent state and returns execution feedback. Specifically, if execu-
tion is successful, the environment updates its state to include the
cleaned movies table while retaining the original ratings and di-
rectors tables. Otherwise, execution errors are captured and propa-
gated to the agent to revise subsequent decisions.

The iterative process continues until the generated tables satisfy the
target schema and quality requirements, at which point DeepPRep
terminates and outputs the final data preparation pipeline.

To support the framework, we design two key components: Tree-
Based Agentic Reasoning and Progressive Agentic Training.
Tree-based Agentic Reasoning. The key challenge in agentic
pipeline orchestration is supporting structured exploration and back-
tracking under execution feedback. Specifically, pipeline construc-
tion involves interdependent operator decisions, where early choices
may later prove suboptimal or infeasible. Linear agentic reasoning
mechanisms such as ReAct [2] and CoT [38] follow a single deci-
sion trajectory and do not preserve alternative paths. Thus, once a
candidate pipeline is executed, early errors can propagate to subse-
quent steps, and without a structured representation that retains
historical states, recovery becomes difficult.

To address this challenge, we introduce a tree-based agentic rea-
soning mechanism. Instead of committing to a single linear exe-
cution trajectory, DeepPRep represents pipeline construction as
a search tree, where each node corresponds to a planning state
associated with a set of intermediate tables, and each edge repre-
sents applying a candidate operator pipeline. This tree structure
preserves historical states and alternative construction paths, en-
abling systematic exploration and backtracking based on execu-
tion feedback. Building on this tree representation, we further de-
fine LLM interaction patterns and decision logic over the tree, al-
lowing the agent to reason about which branch to expand, revise,
or abandon during pipeline construction. We detail this tree-based
reasoning and interaction mechanism in Section 4.
Progressive Agentic Training.The key challenge is how to effec-
tively train LLMs for tree-based agentic reasoning. A straightfor-
ward approach is to directly apply existing reinforcement learning
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…
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the dark knight
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…
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1
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…
…
…
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…
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…
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…
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1
…
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…
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…
…

…
…
…

SelectColumn
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<plan>

𝒏𝟑
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(…)
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(ratings, values, …)
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𝒏𝟐
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(ratings, …)

SelectColumn
(ratings,

[movie,values])

𝒏𝟑SelectColumn
(ratings, …)

𝒏𝟕
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(…)
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1
2

title
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…
…
…
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...
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8.2 (2020)

…

𝒏𝟓

Figure 4: An example of tree-based agentic reasoning.
methods to optimize themodel using outcome-level rewards. How-
ever, this setting poses two major difficulties. First, reward sparsity:
data preparation pipelines often consist of long and interdepen-
dent operator sequences, and relying solely on final correctness
makes it difficult for the model to learn structured exploration and
non-local backtracking behaviors. Second, data scarcity: existing
ADP datasets mainly involve simple transformations with short
operator sequences [21, 27], providing insufficient supervision for
learning multi-step reasoning that depends on execution feedback.

To address reward sparsity, we first introduce a Cold-Start Cur-
riculum that initializes the model with basic knowledge of data
preparation operators and the tree-based agentic reasoning proce-
dure. Next, we apply multi-turn reinforcement learning with a Hy-
brid Reward mechanism that combines outcome-level signals with
process-level feedback. To alleviate data scarcity, we develop a data
synthesis approach that generates complex ADP tasks grounded
in meaningful analytical transformations, while injecting diverse
data quality issues without breaking the intended transformation
logic. We detail our agentic training strategy in Section 5.

4 TREE-BASED AGENTIC REASONING
To construct data preparation pipelines under complex dependen-
cies and execution feedback, DeepPRep employs a tree-based agen-
tic reasoning mechanism that supports structured exploration and
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non-local backtracking. Specifically, we introduce an agentic rea-
soning tree (Section 4.1) that explicitly preserves historical states
and alternative data preparation pipelines. Building on this tree
structure, we define a tree-based agentic inference procedure (Sec-
tion 4.2) through a set of explicit agentic interaction actions. These
actions specify how the LLM observes the current tree state, pro-
poses data preparation plans, and generates promising pipelines.

4.1 Agentic Reasoning Tree
We define the agentic reasoning tree as a directed tree 𝐺 = (𝑁, 𝐸),
which represents the structured search space of pipeline construc-
tion starting from the initial source tables S.

• Node (𝑁 ). Each node𝑛 ∈ 𝑁 corresponds to an environment state,
represented by the current set of intermediate tables maintained
by the environment. In particular, the root node 𝑛0 represents
the initial state initialized with the source tables S.

• Edge (𝐸). A directed edge 𝑒 = (𝑛𝑖
𝑜−→ 𝑛 𝑗 ) ∈ 𝐸 represents a

state transition induced by executing an operator instance 𝑜 (i.e.,
an operator type with specific parameters) orchestrated by the
agent at state 𝑛𝑖 . Specifically, executing 𝑜 updates the environ-
ment state from 𝑛𝑖 to 𝑛 𝑗 , yielding updated intermediate tables.

In the agentic reasoning tree, each edge corresponds to a single
operator instance, while a path from a node to another node rep-
resents an operator sequence, i.e., a data preparation pipeline.

4.2 Tree-Based Agentic Inference
The basic idea of our tree-based agentic inference is to develop
an iterative decision-making process through a structured LLM in-
teraction pattern. Specifically, the LLM autonomously generates
agentic interaction actions to operate over a materialized agentic
reasoning tree, incrementally expanding, revising, or backtracking
tree branches based on execution feedback.
Agentic Inference Framework. Given source tables S and a tar-
get schema Σ∗, the framework produces a reasoning trajectory 𝑅
and finally generates an answer 𝐴 based on 𝑅. More formally, we
model this process by a probabilistic model Pr(·) over the reason-
ing process and the answer generation conditioned on the inputs:

Pr(𝐴, 𝑅 | 𝑆, Σ∗) =
𝑇∏
𝑡=1

Pr(𝑅𝑡 | 𝑅<𝑡 , 𝑆, Σ
∗)︸                      ︷︷                      ︸

Reasoning Process

·Pr(𝐴 | 𝑅, 𝑆, Σ∗)︸             ︷︷             ︸
Answer Generation

. (2)

where 𝑇 denotes the length of the reasoning process and 𝑅𝑡 repre-
sents the reasoning results of the agent at step 𝑡 .

The reasoning process is implemented by adopting an LLM-based
agent to search over the agentic reasoning tree 𝐺 in a generative
way. Specifically, the process alternates in an iteration of plan, ex-
pand and execute steps where it generates logical plans for the cur-
rent step based on the observation of the current tree, expands new
branches and execute expanded operators to update the current
tree. Based on this idea, we break the step-wise reasoning process

in Eq. (2) down into the following formula.

Pr(𝑅𝑡 |𝑅<𝑡 , 𝑆, Σ
∗) =

PrLLM (𝜓𝑡 |𝜓<𝑡 ,𝐺𝑡−1, Σ
∗)︸                         ︷︷                         ︸

⟨plan⟩

· PrLLM (P𝑡 |𝐺𝑡−1,𝜓𝑡 )︸                   ︷︷                   ︸
⟨expand⟩

·Env(𝐺𝑡 |𝐺𝑡−1,P𝑡 )︸                 ︷︷                 ︸
⟨execute⟩

.

(3)

where PrLLM denotes the generative distribution induced by the
LLM agent,𝜓𝑡 and P𝑡 denotes the logical plan and expanded oper-
ator pipeline generated by the agent in step 𝑡 , and Env represents
the environment transition distribution that materializes P𝑡 to get
an updated agentic reasoning tree 𝐺𝑡 .
Actions for Agentic Inference. We regulate this interaction us-
ing control tags aligned with the components in Eq. (2) and Eq. (3).
• ⟨plan⟩. This action produces a high-level logical plan for the

next reasoning step. Given the current agentic reasoning tree,
the target schema Σ∗, and prior plans, the agent generates a plan
𝜓 that specifies the intended reasoning decision. The plan an-
alyzes the current environment state to determine whether to
continue expanding the tree or terminate the reasoning process.
If further exploration is required, it identifies the parent node to
extend and the candidate operations to apply.

• ⟨expand⟩. This action generates a candidate operator pipeline
expanded from a selected parent node 𝑛parent. Conditioned on
the plan𝜓 , the agent produces an operator sequenceP to extend
node 𝑛parent. To ensure consistent node selection, the parent
node is specified using a prefix-matching constraint: the agent
must reference the full operator sequence from the root to that
node.This constraint avoids ambiguous or index-based node ref-
erences and enforces alignment between the proposed expan-
sion and the recorded transformation history.

• ⟨execute⟩. This action applies the candidate operator pipeline
through the environment and performs state transitions. Specif-
ically, given a candidate pipeline P𝑡 , the environment executes
its operators sequentially over the materialized tables at the se-
lected parent node. After each operator is successfully applied, a
new intermediate state node is created to store the resulting ta-
bles, and a directed edge is added from the previous state node
to the new one. Repeating this process for all operators in P𝑡

yields a chain of new nodes, which updates 𝐺𝑡−1 to 𝐺𝑡 . If exe-
cution fails due to a runtime exception (e.g., column mismatch
or type error), no new state node is created; instead, the parent
node is annotated with a failure state that records the error trace.

• ⟨answer⟩. This action terminates the reasoning process and re-
turns the final pipeline. It is triggered when a leaf node state
satisfies the target schema Σ∗. The root-to-leaf operator path as-
sociated with that node is extracted as the final pipeline P∗.

Agentic Inference Procedure. We extend the LLM vocabulary
with the action tags defined above, so that our tree-based reasoning
can be expressed as a structured language modeling process.

During inference, the model iteratively generates tagged out-
puts corresponding to the defined interaction actions. Specifically,
in each iteration, the model first generates a plan in the form of
⟨plan⟩…⟨/plan⟩, which specifies the next reasoning decision. Based
on this plan, the model predicts an operator expansion wrapped by
⟨expand⟩…⟨/expand⟩. The produced pipeline is then executed by
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the environment, and the resulting state and execution feedback
are recorded through ⟨execute⟩…⟨/execute⟩.The above process it-
erates until a state satisfies the target schema.When this condition
holds, the final pipeline is returned using ⟨answer⟩…⟨/answer⟩,
which terminates the reasoning process.
Complexity Analysis.The search process is bounded by two con-
figurable parameters: the maximum exploration turn 𝑇 and the
maximum operator sequence length 𝐿 per expansion. Therefore,
the worst-case search complexity is 𝑂 (𝑇 × 𝐿).

Example 4. Figure 4 illustrates an example reasoning trajectory
for the task in Figure 2. 1⃝ Initialization: Reasoning starts from
node 𝑛0, which corresponds to an initial state associated with source
tablesS. During inference, the model generates a ⟨plan⟩ action, spec-
ifying a logical plan that cleans the movies table and select relevant
columns in the ratings table. An ⟨expand⟩ action then produces op-
erators Deduplicate, ValueTransform and SelectColumn, which
are applied through ⟨execute⟩ to produce new states, i.e., 𝑛1, 𝑛2
and 𝑛3. 2⃝ Execution Failure: Subsequent ⟨plan⟩ and ⟨expand⟩
actions proposes integrating rating data using an ExeCode opera-
tor. However, during ⟨execute⟩, a missing-column runtime error is
raised, and the transition is recorded as a failure at𝑛4. 3⃝Backtrack-
ing and Alternative Expansion: The model preserves the failure
at 𝑛4 and append the error trace to subsequent prompts. Based on
the recorded failure feedback, a new ⟨plan⟩ analyzes the error and
tries to debug it by keeping the column values of ratings table when
applying the operator SelectColumn. Specifically, it selects 𝑛2 as
the parent state for further exploration. In addition to applying the
updated SelectColumn, the ⟨expand⟩ action also proposes an al-
ternative operator sequence (SplitColumn, Filter, Pivot). By refer-
encing the failure at 𝑛4, the model avoids repeating the same mistake
when generating this new branch. These operators are applied to gen-
erate new states (𝑛5, 𝑛6, 𝑛7, 𝑛8). t⃝ Termination:When a leaf state
satisfies the target schema Σ∗, an ⟨answer⟩ action is issued to extract
the corresponding root-to-leaf operator path as the final pipeline.

5 AGENTIC TRAINING FRAMEWORK
We propose a Progressive Agentic Training framework for optimiza-
tion. To mitigate reward sparsity, the framework includes a Cold-
Start Curriculum for initialization (Section 5.1), followed by aMulti-
turn RL stage with a Hybrid Reward mechanism (Section 5.2). To
alleviate data scarcity, we develop a Data Synthesis method (Sec-
tion 5.3) that generates diverse ADP tasks for effective training.

5.1 Cold-Start Curriculum
To mitigate the issue where an untrained LLM fails to produce ex-
ecutable pipelines, we design a Cold-Start Curriculum that initial-
izes the LLM’s reasoning capability for our structured and execution-
grounded planning. Specifically, pre-trained LLMs generally lack
an explicit understanding of operator syntax and the tree-based
agentic reasoning procedure, which are previously described.Thus,
without specialized supervision, the model cannot generate mean-
ingful action sequences for ADP tasks. To address this, we employ
a two-stage supervised fine-tuning (SFT) curriculum.
Stage 1: Operator Syntax Learning. This stage focuses on the
syntax and semantics of individual operators. Given source tables

and a ground-truth operator pipeline Ptotal as defined in Eq. (1),
consisting of a sequence of operators (𝑜 (1) , . . . , 𝑜 (𝑁 ) ). We first ex-
ecute these operators sequentially to collect a sequence of gener-
ated intermediate table sets {T0, . . . ,T𝑁 }. Then, we sample a con-
tiguous sub-sequence of operators Psub = (𝑜 (𝑖 ) , . . . , 𝑜 ( 𝑗 ) ) with the
corresponding input intermediate table set Tin = T𝑖−1 and output
intermediate table set Tout = T𝑗 . In this way, we construct the op-
erator syntax learning dataset Dop consisting of training triples
(Psub,Tin,Tout). Let 𝜙 (·) denote the serialization function. It serial-
izes Psub by concatenating all serialized operators and intermedi-
ate table set T by serializing it into markdown format. We conduct
SFT to optimize the following loss Lop:

Lop = −
∑

(Psub,Tin,Tout ) ∈Dop

log PrLLM (𝜙 (Psub) | 𝜙 (Tin), 𝜙 (Tout)) .

(4)
Through Eq. (4), the agent learns to recognize operator function
signatures and argument formats, while isolating operator execu-
tion logic from higher-level planning decisions.
Stage 2: Reasoning Procedure Learning. This stage aligns the
modelwith the Tree-basedAgentic Reasoningmechanism (Section 4.2).
To achieve this, we synthesize a dataset of high-quality reason-
ing trajectories by distilling knowledge from strong teacher mod-
els (e.g., DeepSeek-R1). Specifically, for each ADP task defined by
source tables S and a target schema Σ∗, we aim to generate a
ground-truth trajectory 𝜏 . To enhance robustness, we apply input
perturbations Φ, such as randomly shuffling rows and columns
in the source tables. Next, we employ In-Context Learning [9] to
guide the teacher model. By utilizing elaborate prompts that exem-
plify the tree-based reasoning process defined in Eq. (2), we gener-
ate a set of candidate trajectoriesU. To unify the training objective,
we represent each trajectory as a sequence 𝜏 = (𝑟1, . . . , 𝑟𝑚). Here,
the initial subsequence (𝑟1, . . . , 𝑟𝑚−1) corresponds to the iterative
reasoning steps (𝑅1, . . . , 𝑅𝑇 ) defined in Eq. (3), while the final ele-
ment 𝑟𝑚 corresponds to the answer generation 𝐴 in Eq. (2). These
candidates are filtered using a process reward function 𝑅llm (𝜏) (de-
tailed in Section 5.2), and only the top-ranked trajectories are re-
tained to form the final datasetU∗. Finally, the model is fine-tuned
on U∗ to minimize the masked negative log-likelihood:

Lreason = −
∑
𝜏∈U∗

𝑚∑
𝑡=1

𝑀𝑡 · log PrLLM (𝜙 (𝑟𝑡 ) | 𝜙 (𝑟<𝑡 ), 𝜙 (S), Σ∗) . (5)

Here, 𝑟𝑡 encapsulates both the current tree state and the agent’s
generated response.The serialization function𝜙 (·) transforms these
structured components into a linear token sequence. Crucially, we
introduce a loss mask 𝑀𝑡 to ensure that gradients are only calcu-
lated for tokens corresponding to the agent’s outputs.

5.2 Multi-turn RL with Hybrid Reward
Motivation. Data preparation pipeline generation is a sequential
decision process with execution feedback, where each action af-
fects subsequent states and future operator choices. Optimizing
such behavior cannot be reduced to single-shot generation. Instead,
the policy should be trained over multi-turn interaction trajecto-
ries. In each turn, the agent produces structured actions (e.g., ⟨plan⟩
and ⟨expand⟩), the environment executes the proposed operators,
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and feedback is returned. Then, subsequent decisions are condi-
tioned on these execution outcomes.
Basic Idea.The above setting motivates us to develop a multi-turn
reinforcement learningmethod, where the policy is optimized over
action sequences rather than single outputs. Specifically, under
our interaction framework, each trajectory contains both (i) agent-
generated tokens (actions and their contents) and (ii) environment-
generated tokens, such as serialized intermediate tables and exe-
cution traces. In particular, since environment-generated tokens
are deterministic execution outputs rather than policy decisions,
they are excluded from policy gradient optimization. That is, we
apply a binary tokenmask that removes gradients on tokens inside
⟨execute⟩ blocks, and optimize the policy only over agent decision
tokens within ⟨plan⟩, ⟨expand⟩, and ⟨answer⟩.

We optimize the policy using Group Relative Policy Optimiza-
tion (GRPO) [34], which estimates baselines from group-level re-
ward statistics, supporting more stable optimization over multi-
turn trajectories. Using only final pipeline correctness as the re-
ward, however, results in sparse and delayed learning signals. We
therefore introduce a hybrid reward design, as described below.
Hybrid Reward.We design a hybrid reward mechanism that pro-
vides denser learning signals by evaluating both outcome quality
and reasoning behavior. The overall reward 𝑅(𝜏) for a trajectory 𝜏
is defined as a weighted sum of three components:

𝑅(𝜏) = 𝛼 · 𝑅out (𝜏) + 𝛽 · 𝑅part (𝜏) + 𝛾 · 𝑅llm (𝜏) . (6)

where 𝑅out, 𝑅part, and 𝑅llm correspond to strict correctness, partial
progress, and reasoning process signals, respectively, and 𝛼, 𝛽,𝛾
are hyperparameters that balance their contributions. Now, we de-
tail each of the three components 𝑅out, 𝑅part, and 𝑅llm as follows.
Outcome Reward 𝑅out. This reward provides a direct success signal
based on final output correctness. When the ⟨answer⟩ action is
issued, the generated resulting target table 𝑇 is evaluated by:

𝑅out (𝜏) = I(𝑇 ≡ 𝑇 ∗). (7)

where I(·) denotes the indicator function.
Partial Reward 𝑅part.This reward provides a partial-progress signal
when strict correctness is not achieved (𝑅out (𝜏) = 0). We mea-
sure the similarity between the generated table𝑇 and ground-truth
𝑇 ∗, and define 𝑅part (𝜏) = avg(𝑆𝑠𝑐ℎ, 𝑆𝑠ℎ𝑝 , 𝑆𝑐𝑛𝑡 ), where 𝑆𝑠𝑐ℎ, 𝑆𝑠ℎ𝑝 , 𝑆𝑐𝑛𝑡
evaluate alignment in schema, shape and content, respectively:

𝑆𝑠𝑐ℎ =
|𝐶𝑇 ∩𝐶𝑇 ∗ |
|𝐶𝑇 ∪𝐶𝑇 ∗ | , 𝑆𝑠ℎ𝑝 = exp

(
−

����� |𝐷 | − |𝐷∗ |
|𝐷∗ |

�����
)
,

𝑆𝑐𝑛𝑡 =
1

|𝐶𝑚 |
∑
𝑐∈𝐶𝑚

∑
𝑖 I(𝐷 [𝑐]𝑖 = 𝐷∗ [𝑐]𝑖 )
max( |𝐷 |, |𝐷∗ |)

.

(8)

Here, 𝐶𝑇 and 𝐶𝑇 ∗ denote the column-name sets, |𝐷 | and |𝐷∗ |
denote the row counts, and 𝐶𝑚 = 𝐶𝑇 ∩ 𝐶𝑇 ∗ is the set of matched
columns used for cell-wise value comparison.
Process Reward 𝑅llm. Relying solely on data similarity rewards may
lead to reward hacking, which has been studied in other reinforce-
ment learning settings [37, 46], and can also arise in ADP scenar-
ios (e.g., renaming columns without performing the required data
cleaning). To discourage such “shortcut” strategies, we introduce

a process reward that evaluates the quality of the reasoning trajec-
tory. We use an instruction-tuned LLM (e.g., GPT-4o) as a judge to
score each trajectory based on the actions defined in Section 4.

Specifically, the judge evaluates three criteria: (1) Plan–action
consistency, measuringwhether generated pipeline (from ⟨expand⟩)
correctly implements the plan (from ⟨plan⟩). (2) Feedback respon-
siveness, checking whether subsequent ⟨plan⟩ outputs explicitly
respond to the prior execution feedback (e.g., reported error traces).
(3) Backtracking justification, verifying that parent-node switches
are supported by recorded failure evidence from the current branch.

5.3 Data Synthesis for Training
To train our agentic model, we require supervision in the form of
executable data preparation pipelines together with their source
and target tables. Since such ADP task instances are not available
at scale, we construct them through synthesis by converting SQL
benchmarks into ADP tasks consisting of source tables, a target
table, and a corresponding transformation pipeline. Synthesizing
such training tasks has two key challenges. First, the generated
pipelines should correspond to meaningful analytical transforma-
tions rather than arbitrary operator chains, so that the supervision
reflects realistic operator dependencies. Second, the synthesized
source tables should include diverse data quality issues while pre-
serving the intended transformation logic. Excessive noise injec-
tion may break key fields or relationships [30], making it difficult
to construct any feasible pipeline that produces the target table.
ADP Task Construction fromNL2SQL. To obtain realistic ADP
tasks, we instantiate them from NL2SQL benchmarks [26, 43]. For
each query 𝑞, we execute it to produce the target table 𝑇 ∗ and use
an LLM to generate the corresponding target schema specification.
We also translate 𝑞 into an operator pipeline by generating can-
didate pipelines with an LLM and selecting the shortest one that
exactly reproduces 𝑇 ∗ through execution. This yields a clean task
instance consisting of source tables, a target schema specification,
a target table, and an operator pipeline.
ReversibleNoise Injection. Since NL2SQL data is typically clean,
we introduce controlled noise to increase data diversity for train-
ing. We inject noise by applying inverse transformations of data-
cleaning operators, so that each corruption corresponds to a valid
cleaning step. Specifically, we sample an operator and use an LLM
to generate its inverse transformation logic. For example, the in-
verse of a date-standardization operator converts a normalized date
(e.g., “2023-01-01”) into heterogeneous formats (e.g., “01/01/23”).
After each corruption step, we verify executability by applying the
corresponding cleaning operator and checking that the previous ta-
ble state is restored. Only reversible corruptions are kept. Repeat-
ing this process produces dirty source tables togetherwith amatch-
ing cleaning pipeline. The final ground-truth pipeline is formed by
concatenating the cleaning pipeline with the task pipeline.

6 EXPERIMENTS
6.1 Experimental Setup
Datasets. As shown in Table 1, we evaluate DeepPRep on four
datasets, including one public benchmark, two datasets synthesized
using our synthesis method, and one real-world dataset.
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Table 1: Statistics of datasets.

Dataset Statistics Pipeline Length # Op Types# Train # Test
Synth-Spider 6,788 2,008 1∼28 31
Synth-Bird - 1,150 2∼25 31
Parrot [13] 13,965 1,365 1∼8 17

Buildings [35] - 105 - -

(1) Parrot [13] is a benchmark for translating natural language
into data preparation pipelines. To make it suitable for ADP eval-
uation, we augment each case by generating the task specification
from the target tables and operator sequences using an LLM [33].

Note that the public benchmark Parrot [13] mainly contains
short operator pipelines and limited operator-type coverage. We
therefore synthesize two datasets to providemore complex pipelines
and broader operator coverage, using our method in Section 5.3.

(2) Synth-Spider is a dataset synthesized by our method from
the Spider NL2SQL benchmark [43]. Using the ADP task synthesis
pipeline described in Section 5.3, we convert NL2SQL cases into
ADP tasks with executable operator pipelines.

(3) Synth-Bird is another synthesized dataset constructed from
the Bird benchmark [26], which features larger databases andmore
complex analytical queries. We apply the same synthesis proce-
dure to generate ADP tasks from the Bird validation set. As we use
Synth-Bird only for evaluation, this dataset only has test split.

(4) Buildings [35] is a real-world dataset comprising 105 tasks
collected from data processing pipelines in the smart building do-
main across 21 energy companies. It involves messy, real-world
data with complex multi-step data preparation operations. It only
provides source tables and target table schema descriptions.
EvaluationMethodology. For comprehensive evaluation, all mod-
els are trained only on the Synth-Spider training set and evalu-
ated under two test settings: in-domain and out-of-domain.
(1) In-domain Test.Weevaluate on the Synth-Spider test set, which
is synthesized using the same procedure as the training data.
(2) Out-of-domain Test. Synth-Bird is closer to the training distri-
bution since it is generated by the same synthesis pipeline but from
a different benchmark. Parrot is an independent dataset with dif-
ferent task characteristics. Buildings is a real-world dataset with
complex multi-step data preparation.
Baselines. We compare DeepPRep with both prompting baselines
and training baselines. Prompting baselines use off-the-shelf LLMs,
while training baselines involve parameter updates.
(1) Prompting Baselines. These methods use frozen LLMs with dif-
ferent planning and search strategies to generate pipelines.

• CodeGen [28, 32] prompts an LLM to iteratively generate and
execute data preparation code until the target table is obtained.

• Plan-and-Solve (PaS) [38] prompts an LLM to produce a plan and
then generates an operator pipeline to obtain the target table.

• ReAct [2] is a linear reasoning agent that iteratively predicts the
next operator based on previous execution results.

• MCTS-OP [23] applies Monte Carlo Tree Search (MCTS) over
individual operators defined in Section 2.2

• MontePrep [12] applies MCTS over actions such as schemamap-
ping, operator discovery, code synthesis, and refinement instead
of individual operators.

• DeepAnalyze [44] is an agentic LLM that generates data process-
ing programs using supervised and reinforcement learning.

• AutoPrep [10] is a multi-agent framework for data preparation.
It generates a high-level plan and then produces data prepara-
tion programs through specialized agents.

• TRAE andClaude Code (CC) are AI-powered coding agentswith
agentic coding capabilities. We evaluate them as representative
state-of-the-art agentic coding systems∗.

(2) Training Baselines.These baselines use the same backbonemod-
els as DeepPRep but adopt different training strategies, allowing us
to evaluate the effect of our agentic training framework.
• Imitation Learning (IL) [25] fine-tunes the model on the high-

quality trajectories distilled from strong teacher models.
• RL-GRPO [34] applies reinforcement learning with Group Rela-

tive Policy Optimization using only outcome-level rewards.

PromptDesign andTuning for BaselineMethods. Specifically,
(1) for methods with public implementations, i.e., MontePrep [12],
DeepAnalyze [44], AutoPrep [10], and MCTS-Op [23], we use their
official codebases and default configurations (e.g., prompt design,
parameters, etc.). When a method was designed for a different task
and could not be directly applied to ADP, we adapted its prompt
to the ADP setting and tuned its parameters using the same grid-
search procedure adopted by DeepPRep. For example, AutoPrep
was designed for TableQA rather than autonomous data prepa-
ration, so we replaced its original prompt with an ADP-oriented
prompt and tuned it accordingly. (2) For methods without public
implementations, including CodeGen, ReAct, and PaS, we reimple-
mented them following the descriptions in their papers and applied
the same prompt-tuning and parameter-selection procedure used
for DeepPRep. Therefore, all methods were evaluated under a com-
parable tuning method. Complete prompts, hyperparameters, and
implementation details are provided in our technical report [1].
EvaluationMetrics.We evaluate all methods using three metrics.
(1) Exact Match Accuracy (Acc.)measures the percentage of test cases
where the produced table𝑇 matches the ground-truth table𝑇 ∗. We
follow the table matchingmethod in [13], which is invariant to row
and column permutations but requires exact cell-value equality.
(2) Completion Rate (Comp.) measures the percentage of test cases
that produce a final output table. A case is counted as incomplete if
execution exceeds themaximum interaction limit, triggers runtime
errors, or produces an empty result.
(3) Inference Cost (Cost) measures the average monetary cost per
case. For closed-source LLMs, we use official API pricing. For open-
source models, we convert end-to-end runtime to cost using the
hourly GPU price: 𝑐𝑖 = 𝑝gpu𝑡𝑖/3600, where 𝑡𝑖 is the runtime in
seconds. We report the average over all cases, using an A800-80G
GPU priced at $0.91/hour.
BackboneLLMs andDeepPRepVariants.We implementDeep-
PRep on both closed-source and open-source LLM backbones.
(1) Closed-source backbones.We implementDeepPRepwith our pro-
posed tree-based agentic reasoning directly on the strongest pro-
prietary models, including GPT-5 (i.e., gpt-5-mini-2025-08-07) and
Claude-4 (i.e., claude-sonnet-4-20250514).
∗We use CC v2.1.119 and TRAE from https://github.com/bytedance/trae-agent.
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Table 2: Comparison of DeepPRep with baselines on open-
source LLMs. The best and second-best results are high-
lighted in bold and underlined, respectively.

(a) Results on Qwen3-14B.

Method Synth-Spider Synth-Bird Parrot
Acc. Comp. Acc. Comp. Acc. Comp.

Prompting Baselines
PaS 7.67 20.67% 3.09 21.86% 9.56 22.36%

MCTS-OP 21.91 72.56% 7.22 78.69% 24.95 83.02%
MontePrep 9.46 19.62% 18.63 38.15% 26.94 57.87%
AutoPrep 36.75 71.61% 10.41 39.89% 28.54 74.05%
CodeGen 45.47 68.18% 29.48 49.20% 30.83 81.08%
ReAct 40.39 69.02% 16.04 46.56% 30.80 76.44%

Training Methods (Only Trained on Synth-Spider)
IL 61.70 85.26% 48.01 81.23% 37.95 89.39%

RL-GRPO 51.22 77.68% 32.25 67.22% 35.06 82.9%
DeepPRep

(Ours) 67.18 97.21% 54.09 92.26% 40.44 96.41%

(b) Results on Qwen3-8B.

Method Synth-Spider Synth-Bird Parrot
Acc. Comp. Acc. Comp. Acc. Comp.

Prompting Baselines
PaS 4.68 7.42% 0.65 4.33% 3.09 8.32%

MCTS-OP 12.90 15.19% 0.90 73.56% 17.33 23.71%
MontePrep 8.81 19.97% 13.70 21.96% 25.95 56.08%
AutoPrep 26.44 50.85% 8.52 42.28% 25.20 70.42%
CodeGen 6.27 12.10% 7.47 15.69% 7.27 25.50%
ReAct 29.63 52.59% 10.41 46.22% 22.11 57.97%

DeepAnalyze 35.66 82.02% 1.74 62.17% 29.01 66.67%
Training Methods (Only Trained on Synth-Spider)

IL 59.65 90.54% 43.30 80.43% 36.15 91.08%
RL-GRPO 47.81 76.54% 29.95 68.69% 32.82 85.05%
DeepPRep

(Ours) 65.99 97.46% 53.39 92.78% 39.93 98.46%

(2) Open-source backbones.We implementDeepPRep based on open-
source LLMs, i.e., Qwen2.5 [19] (with 0.5B, 1.5B, 3B, 7B and 14B
parameters) and Qwen3 [39] (0.6B, 1.7B, 4B, 8B and 14B).

6.2 Overall Comparison
Exp-1: Accuracy and Completion Rate Comparison.We com-
pare DeepPRep with prompting baselines and training baselines on
accuracy and completion rate. Results on Qwen3-14B and Qwen3-
8B are reported in Table 2, as they are strong open-source back-
bones at two model scales commonly used in code and data tasks.
Additional backbone results are presented in later experiments.
(1) In-Domain Test. DeepPRep achieves the highest accuracy and
completion rate across both backbones on the Synth-Spider test
set. On Qwen3-14B, it reaches 67.18 accuracy (Table 2a), exceed-
ing the strongest prompting baseline CodeGen by 21.71 points and
the strongest training baseline by 5.48 points, with similar gains in
completion rate. These gains stem from combining tree-structured
exploration with execution-grounded actions, enabling the agent
to revise earlier decisions and avoid invalid operator sequences.
(2) Out-of-Domain Test. Under the single-source training method,
DeepPRep maintains a clear advantage on out-of-domain datasets.
On Synth-Bird, DeepPRep (Qwen3-14B) achieves 54.09 accuracy
compared with 48.01 for IL, and the 8B model achieves 53.39 ver-
sus 43.30. On Parrot, we observe a similar ordering among meth-
ods. DeepAnalyze shows much lower performance on Synth-Bird
(1.74 accuracy), indicating limited robustness when pipeline length

Table 3: Overall Ablation Study on Qwen3-8B. PAT rep-
resents Progressive Agentic Training and TAR represents
Tree-based Agentic Reasoning.

Method Synth-Spider Synth-Bird Parrot
Acc. Comp. Acc. Comp. Acc. Comp.

DeepPrep 65.99 97.46% 53.39 92.78% 39.93 98.46%
w/o PAT 22.21 59.76% 8.87 41.90% 25.27 70.62%

w/o PAT, TAR 4.68 7.42% 0.65 4.33% 3.09 8.32%

and operator dependencies increase. These results align with our
training design, where progressive curriculum and hybrid rewards
expose the model to multi-step, feedback-driven reasoning trajec-
tories rather than single-pass program generation.

Finding 1: DeepPRep achieves the highest accuracy and
completion rate among the compared methods and shows
good generalization across datasets.

Exp-2: Cost–AccuracyTrade-offComparison.Wecomparemeth-
ods under a cost–accuracy trade-off by jointly evaluating accu-
racy and cost. Figure 5 plots prompting baselines and DeepPRep
variants across different LLM backbones, and shows two Pareto
frontiers: Previous Pareto, computed from baselines only, and Ours
Pareto, computed after adding DeepPRep.

First, DeepPRep lies on or near the Pareto frontier in most set-
tings and extends the frontier across all three datasets. In Figure 5,
theOurs Pareto curve is shifted toward the upper-left relative to the
Previous Pareto, meaning that DeepPRep achieves higher accuracy
at the same cost, or similar accuracy at lower cost. This appears
on Synth-Spider, Synth-Bird, and Parrot, indicating that the cost–
accuracy advantage is consistent across datasets and backbones.

Second, DeepPRep reaches accuracy close to strong closed-source
baselines at substantially lower cost. On Synth-Spider, DeepPRep
(Qwen3-14B) achieves 67.18 accuracy at a very low cost, achieving
a comparable accuracy with ReAct on Claude-4 (69.92 accuracy)
while reducing cost by about 57×. This is attributed to our design
that uses structured tree-based reasoning to guide smaller or open
models toward valid pipelines with fewer failed executions.

Third, compared with the agentic coding systems TRAE and
Claude Code, DeepPRep achieves comparable accuracy at much
lower cost. For example, with GPT-5, DeepPRep achieves accuracy
comparable to TRAE while reducing cost by 2.7× on Synth-Spider.
This further demonstrates the cost-effectiveness of DeepPRep.

Finding 2: DeepPRep extends the cost–accuracy Pareto fron-
tier, achieving accuracy close to strong closed-source base-
lines at substantially lower inference cost.

6.3 Ablation Studies
Exp-3: Overall Ablation Studies of DeepPRep. We evaluate
the contribution of two modules (TAR and PAT) in DeepPRep. The
results are reported in Table 3. As reported, removing PAT while
retaining TAR causes substantial degradation, reducing accuracy
by 43.78 on Synth-Spider, 44.52 on Synth-Bird, and 14.66 on Parrot.
This indicates that the model must first learn the operator syntax
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Figure 5: Cost–Accuracy trade-off comparison. Colors represent different LLM backbones, and shapes denote different meth-
ods. The red and grey dashed lines indicate the Pareto frontiers of our method and previous baselines, respectively.

Table 4: Detailed Ablation Studies on PAT (Qwen3-8B).
(a) Ablation study on Cold Start stage. OSL represent Oper-
ator syntax Learning module in Section 5.1.

Method Synth-Spider Synth-Bird Parrot
Acc. Comp. Acc. Comp. Acc. Comp.

Cold-Start 60.66 91.63% 45.27 81.39% 36.22 92.16%
w/o OSL 59.65 90.54% 43.30 80.43% 36.15 91.08%

(b) Ablation study on the reward of Multiturn RL stage.

Method Synth-Spider Synth-Bird Parrot
Acc. Comp. Acc. Comp. Acc. Comp.

DeepPRep 65.99 97.46% 53.39 92.78% 39.93 98.46%
w/o 𝑅llm 64.54 96.96% 51.67 92.31% 39.12 94.21%

w/o 𝑅llm, 𝑅part 61.85 98.71% 47.15 95.57% 37.22 99.34%

and reasoning protocol before tree-based reasoning can be effec-
tively utilized. Further removing TAR causes the method to degen-
erate into single-turn operator generation, leading to a larger per-
formance drop (by 61.31 on Synth-Spider). Meanwhile, the com-
pletion rate falls to near-zero levels. This demonstrates that TAR
is critical for leveraging execution feedback, and recovering from
erroneous decisions through backtracking.
Exp-4:DetailedAblation Studies onProgressiveAgentic Train-
ing. We evaluate the contribution of specific components within
our progressive agentic training.The results are detailed in Table 4.

Table 4a demonstrates that cold-start curriculum is useful. Re-
moving this component causes a simultaneous decline in both ac-
curacy and completion rate across all datasets. For instance, the
completion rate on Synth-Spider drops from 91.63 to 90.54. Be-
cause this component familiarizes themodel with the operator syn-
tax and parameters. Without it, the model tends to generate non-
executable actions and fail to complete the reasoning trajectory.

Table 4b validates the design of our reward function in RL. First,
removing process reward (𝑅llm) results in an accuracy drop, which
shows that 𝑅llm prevents “reward hacking”. Without semantic veri-
fication, the policy learns to satisfy superficial schema constraints,
such as renaming columns, while neglecting the actual data trans-
formation logic. Second, relying solely on outcome rewards (w/o
𝑅out, 𝑅part) yields the highest completion rate but the lowest accu-
racy. This suggests that sparse rewards induce conservative behav-
ior. The agent avoids complex exploration or backtracking to min-
imize the risk of runtime errors. Thus, it prioritizes safe but incor-
rect paths to ensure the episode terminates successfully.

Figure 6: Evaluation results of models trained on Synth-
Spider (Train) and Parrot (Train).

Table 5: Results on the Buildings dataset (real-world).
Method Acc. Comp. Cost ($)
ReAct 74.29 99.05% 0.0052

CodeGen 71.43 100% 0.0054
MontePrep 72.38 86.67% 0.043
MCTS-OP 69.52 99.05% 0.057

DeepPRep (Ours) 82.85 100% 0.0082

Finding 3&4: Each key component of DeepPRep contributes
to its overall performance.

6.4 In-Depth Analysis
Exp-5: Effectiveness of Synthesized Training Data. We evalu-
atewhethermodels trained on our synthesized Synth-Spider dataset
generalize better than those trained on the public Parrot dataset.
We first evaluate these two models on Synth-Bird (Test) under the
out-of-domain setting. As illustrated in the left of Figure 6, train-
ing on Synth-Spider yields much higher performance: accuracy in-
creases by 37.0 and 29.4 points on Qwen3-8B and Qwen3-14B over
Parrot. To further highlight the effectiveness of synthesized data,
we adopt a more challenging setting. We evaluate models trained
on Synth-Spider under a totally out-of-domain setting and models
trained on Parrot under an in-domain setting on Parrot (Test), as
illustrated in the right of Figure 6. Our synthesized data are still
competitive under such a challenging experimental setting. Mod-
els trained on Synth-Spider achieve accuracy comparable to mod-
els trained on Parrot (40.44 vs. 40.99 on Qwen3-8B).

Finding 5: Our synthetic training data provides effective su-
pervision for agentic training, significantly improving the
performance on unseen tasks.
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Figure 7: Scalability analysis on Synth-Spider with varying
(a) row size, (b) source table number, and (c) pipeline length.

Exp-6: Generalization on Real-World Dataset. We have com-
paredDeepPRepwith prompting baselines on the real-world dataset
Buildings [35]. Table 5 reports Accuracy, Completion Rate and API
Cost per case. As illustrated, DeepPRep generalizes well on the real-
world dataset. Specifically, DeepPRep achieves the best Accuracy
of 82.85 and maintains relatively low inference cost (0.008$ per
case). This enhances its usability in real-world.
Error Analysis. We further conduct an error analysis of this ex-
periment and identify two key challenges in real-world scenarios.
(1) Real cases often contain abbreviated or domain-specific col-
umn names, leading to selecting the wrong columns required to
be mapped into the target columns. (2) The target specification in
real cases is often under-specified. For example, whether daily or
monthly granularity is expected is not specified clearly in the re-
quirement. We will address these challenges in our future work.
The complete statistics can be found in our technical report [1].

Finding 6: DeepPRep generalizes well to the real-world
Buildings dataset.

Exp-7: Scalability Analysis.We evaluate the scalability of Deep-
PRep on Synth-Spider from three dimensions: row size, number of
source tables, and pipeline length.
ScalabilityAnalysis ofAccuracy.As shown in Figure 7(a), Deep-
PRep remains robust on small and medium-sized tables. Perfor-
mance degrades only for the largest row-size bucket (𝑏5: 36 to
124k+ rows), where accuracy decreases by 29.54 points compared
with the smallest bucket (𝑏1: 1 to 9 rows). This degradation is pri-
marily caused by the table sampling strategy used to control token
usage, where relevant information may be omitted from the sam-
pled content. As shown in Figure 7, performance decreases as more
source tables are involved, but DeepPRep consistently achieves the
highest accuracy across different table number groups. As illus-
trated, all methods degrade as the pipeline length increases. How-
ever, DeepPRep shows the smallest degradation, and its advantage
over baselines becomes larger on complex cases.
Scalability Analysis of Time and Resource Usage. DeepPRep
exhibits stable growth in both execution time and memory usage
as workload complexity increases. For example, on Synth-Spider,
the average execution time increases only from 8.91 to 11.30 sec-
onds when moving from the smallest to the largest column-size
bucket, while memory usage remains between 66 MB and 69 MB.
The stable scaling behavior can be explained by the generative
search framework, as defined in Section 4. The process is bounded
by the maximum exploration turn𝑇 and the maximum operator se-
quence length𝐿 per expansion, yielding aworst-case complexity of

𝑂 (𝑇 × 𝐿). Unlike MCTS-based methods, DeepPRep generates only
one operator pipeline conditioned on the current tree state. The
“pruning” is implicit in the LLM’s decision-making. Consequently,
the effective branching factor depends on the LLM’s learned policy
and remains bounded regardless of input size, which explains the
stable growth in time and memory usage.

Complete scalability results across all datasets and detailed time
and resource usage analysis are provided in our technical report [1].
Finding 7: DeepPRep maintains robust accuracy and stable
resource usage as workload complexity increases.

7 RELATEDWORK
Data Preparation. Prior data preparation work mainly focuses
on programming-by-example (PBE). PBE systems [3, 14, 17, 20,
36] synthesize transformation programs from input-output exam-
ples, which are effective for well-specified transformations but re-
quire example-level supervision for each task. Other systems tar-
get specific sub-problems of data preparation [5, 10, 11, 18, 21, 27,
40]. For example, Auto-Tables [27] focuses on table reconstruction
operations such as pivoting and stacking. Such systems empha-
size structural transformations but are not designed to jointly han-
dle value-level cleaning [4] and multi-table integration [47]. Text-
to-Pipeline [13] maps natural language descriptions to pipelines,
but assumes detailed step-wise specifications as input. In contrast,
DeepPRep targets end-to-end autonomous data preparation from
high-level target schema descriptions and supports amuch broader
operator space covering cleaning, reshaping, and integration.
LLM-Powered Data Preparation. Recent work explores using
LLMs for data preparation pipeline construction. Prompting-based
approaches directly generate transformation code fromnatural lan-
guage specifications [21, 28, 32]. To incorporate execution feed-
back, ReAct-style methods interleave reasoning with tool actions
and update subsequent decisions based on observed results [2, 42].
Such approaches follow a linear interaction trajectory, where ac-
tions are appended sequentially. More recent work explores tree-
structured search over reasoning or operator spaces, including Tree-
of-Thoughts (ToT) [41] and MCTS-based agents [12, 23]. For exam-
ple, MCTS-style approaches typically rely on rollout-based value
estimates and scalar reward signals to guide node selection and
backpropagation [16]. However, data preparation pipelines expose
structured execution feedback, such as schema mismatches, exe-
cution errors for operators, and intermediate table states. Deep-
PRep is designed to operate directly over such execution-grounded
states, where each node corresponds to materialized tables and
branch decisions are guided by structured execution feedback rather
than scalar rollout statistics.This design supports operator-level re-
vision and state-aware backtracking during pipeline construction.
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