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ABSTRACT

Data-centric machine learning (ML) pipelines extend traditional
ML pipelines—of feature transformations, hyper-parameter tun-
ing, and model training—by additional pre-processing steps for
data cleaning, data augmentation, and feature engineering to create
high-quality data with good coverage. Finding effective data-centric
ML pipelines is still a labor- and compute-intensive process though.
While AutoML tools use effective search strategies, they struggle
to scale with large datasets. Large language models (LLMs) show
promise for code generation but face challenges in generating data-
centric ML pipelines due to private datasets not seen during training,
complex pre-processing requirements, and the need for mitigating
hallucinations. These demands exceed typical code generation as
it requires actions tailored to the characteristics and requirements
of a particular dataset. This paper introduces CatDB, a comprehen-
sive, LLM-based system for generating effective, error-free, and
efficient data-centric ML pipelines. CatDB leverages data catalog
information and refined metadata to dynamically create dataset-
specific rules (instructions) to guide the LLM. Moreover, CatDB
includes a robust mechanism for automatic validation and error
handling of the generated pipeline. Our experimental results show
that CatDB reliably generates effective ML pipelines across diverse
datasets, achieving accuracy comparable to or better than existing
LLM-based systems, standalone AutoML tools, and combined work-
flows of data cleaning and AutoML tools, while delivering up to
orders of magnitude faster performance on large datasets.
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1 INTRODUCTION

Modern data-driven applications increasingly rely on machine
learning (ML) for cost-effective intelligence augmentation and in-
telligent infrastructure in various domains, such as health-care,
finance, transportation, and production [39]. The traditional data
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Figure 1: Comparison of prompt engineering for data-centric
ML pipelines: [Metadata-only & LLM] versus [CatDB & LLM].
While the former struggles (39.2%), CatDB customizes in-
structions based on data characteristics to guide the LLM.

science lifecycle is exploratory and includes formulating various
hypotheses, integrating the relevant data, as well as developing and
evaluating multiple predictive ML pipelines [16, 21].
Data-centric ML Pipelines [57] extend traditional ML pipelines
[1, 7] by additional pre-processing steps for data validation [68],
data cleaning [30, 48, 74], data augmentation [22, 45], and feature
engineering [63, 70]. Creating a high-quality dataset with good cov-
erage often yields better accuracy than advanced ML models [53]
or neural architecture search [60]. Even the original AlexNet paper
[45] that won the ImageNet 2012 challenge and re-ignited research
on deep neural networks (DNNs) heavily relied on data augmen-
tation. Unfortunately, devising effective data-centric ML pipelines
is a labor- and compute-intensive process. For example, tuning
data augmentation [22] or data cleaning [74] pipelines requires
expensive reinforcement learning or evolutionary algorithms.
Limitations of LLMs and AutoML Tools: LLMs, such as GPT-
4 and Gemini-2, are increasingly utilized for tasks like code gen-
eration and data wrangling [55]. AutoML tools optimize feature
selection and model tuning [24, 27, 46], but struggle to scale with
large datasets due to time-intensive data analysis and the complex-
ity of hyper-parameter search spaces. In contrast, LLMs generalize
across diverse coding tasks and adapt ML pipelines dynamically.
For well-known datasets, such as Titanic, LLMs like GPT-4 and
Gemini-2 generate accurate and effective ML pipelines even with-
out explicit dataset characteristics in the prompt. Readers can test
this by prompting an LLM with: "Generate a data science pipeline
for the Titanic dataset." Since Titanic is a widely used benchmark
dataset that LLMs are typically exposed to during training, they can
retrieve and apply relevant pre-processing steps, feature engineer-
ing, and model choices with high accuracy. However, LLMs struggle
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Figure 2: Data-centric ML pipeline generation in CatDB with two variants: Single Prompt Generator (CatDB) and Chain Prompt
Generator (CatDB Chain). CatDB Chain is more effective for large datasets to overcome LLM’s limited context length.

with unseen datasets due to a lack of prior exposure, as illustrated
in Figure 1 with [Metadata-only & LLM]. In such cases, LLMs fail
to infer dataset-specific pre-processing steps, hallucinate incorrect
features [40], or misinterpret data structures. Unlike standard code
generation, ML pipeline creation requires dataset-aware reasoning,
which existing LLMs and Al code generation tools [54, 64] are not
optimized for. To overcome these limitations, two main approaches
are used: fine-tuning and prompt engineering. Fine-tuning LLMs
could improve their ability to generate relevant pipelines but is
costly and often impractical. A more feasible alternative is struc-
tured prompt engineering, where dataset metadata (e.g., feature
types, missing value statistics) is incorporated into prompts. A
key challenge, however, is dynamically curating dataset-specific
instructions that guide the LLM in applying the right data science
actions to the given dataset. Refining metadata and curating these
instructions effectively remains challenging. By overcoming these
challenges, LLMs can offer a scalable approach to automating the
generation of data-centric ML pipelines, reducing manual effort.
New Opportunity — Data Catalogs: Data catalogs, such as
Gaia-X ecosystem [76], Apache Atlas [11], and Google dataset
search [14, 17, 32], can help bridge the gap in overcoming the re-
maining LLM limitations. In addition to metadata (e.g., schema) and
provenance information (e.g., origin), these catalogs also store data
characteristics and profiling information [9], which can be used
to guide LLMs in tailoring pipelines to the specific needs of each
dataset. However, remaining challenges include the need for meta-
data refinements and dataset-specific instructions that can identify
relevant information for specific stages of the pipeline generation.
CatDB Overview: We introduce CatDB, a zero-shot in-context
learning (ICL) approach to generate high-performance, data-centric
ML pipelines in Python using LLMs. As an ICL approach, CatDB
extracts refined data catalog details to craft dataset-specific in-
structions for data science pipeline stages. By adopting a zero-shot
approach, CatDB eliminates the need for task-specific examples.
CatDB profiles the input dataset, builds a unified data catalog, and
integrates metadata and instructions into LLM prompts, as shown
in Figure 2. To avoid manual labeling, CatDB uses LLMs to infer
feature types (e.g., categorical or list) over basic types like string
and refines metadata by cleaning distinct values. Using this catalog,
CatDB splits pipeline creation into coding tasks—such as handling
missing values, scaling features, and training classifiers—expressed

as tailored instructions tied to the metadata. This approach over-
comes LLM limitations and boosts coding efficiency. To handle
errors (syntactic and runtime) from LLM hallucinations, CatDB
auto-validates and fixes pipelines using a knowledge base of er-
ror traces from diverse datasets. The error management improves
reliability, scalability, and performance across domains.
Contributions: Our primary contribution is CatDB, a fully au-
tomated system that leverages data catalogs and LLMs to generate
effective data-centric ML pipelines. Our key contributions are:

o Data-Catalog-Guided ML Pipeline Generation: We present an
end-to-end overview of CatDB that integrates data catalogs
and LLMs to create data-centric ML pipelines in Section 2.

o Prompt Construction: We introduce methods for incorporating
data catalog information, refined metadata, and rules into
LLM prompts in Section 3.

o Pipeline Generation: We outline the process for generating
pipelines using LLMs, including error handling, an error traces
dataset, and cost analysis, covered in Section 4.

o Experiments: We provide results and insights from testing
CatDB with 20 diverse datasets (up to 19 tables, 30 million
rows, and 478 columns), state-of-the-art baseline systems
(CAAFE [37], AIDE [69], AutoGen [82], H20 [46], FLAML [80],
and Auto-Sklearn2 [25]) as well as different LLMs (commercial
GPT-40 [59] or Gemini-pro-1.5 [77], and open-source Llama-
3 [10]) in Section 5. CatDB yields accuracy close to or better
than existing LLM-based and AutoML tools, with performance
up to orders of magnitude faster on large datasets.

2 CATDB SYSTEM OVERVIEW

CatDB, an zero-shot, in-context learning (ICL) approach, generates
detailed dataset-specific instructions to guide LLMs in generat-
ing data-centric ML pipelines. CatDB stands for Catalog-Driven
Builder, profiles the dataset, and refines data catalog information
for more precise instructions, as shown in Figure 1, steps 1-7. This
approach achieves 91.8% accuracy while eliminating the need for
task-specific examples (few-shot learning) across pipeline stages.
Figure 3 shows an example constructed prompt and generated
pipeline by OpenAI GPT-4o for the Salary dataset.

Notation: Given a tabular dataset D (of categorical or numerical
features) and an ML-task (such as classification or regression), we
aim to generate a data-centric ML pipeline P that maximizes the



#iH# Task: Generate a data science pipeline in Python 3.10.

### Input: A dataset in CSV format, a schema that describes the columns and data types of the dataset,

and a data profiling info that summarizes the statistics and quality of the dataset.
#it# Output: A pipeline code that performs the following steps:

Y

import pandas as pd
from sklearn.impute import SimpleImputer
from sklearn.preprocessing import OneHotEncoder

#1: Import the necessary libraries and modules.
#2: Load the training and test datasets. For the training data, utilize the variable
"train_data.csv", and for the test data, employ the variable "test_data.csv".

#3: The user will provide the Schema, and Data Profiling Info of the dataset with columns
appropriately named as attributes.

System Rules

#4: Perform missing value imputation for features ’Address’ and ’Zip’.
#5: Perform feature extraction (dataset contains categorical values).
#
#7: Select an appropriate ML algorithm.

k-3

: Perform feature selection (redundant columns e.g., ’Address’ and ’Zip’).

#8: Assign a default value to a particular hyperparameter.
#9: Evaluate the model.

from sklearn.compose import ColumnTransformer

from sklearn.pipeline import Pipeline

from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import r2_score

Y
o s W =

{ 8: train_data = pd.read_csv(" ")
9: test_data = pd.read_csv(" ")

10: categorical_features = [" " " *, "zip"]
11: categorical_transformer = Pipeline(steps=[

& ", SimpleImputer(strategy=" "M,

& ", OneHotEncoder (handle_unknown=" "N

12: preprocessor = ColunnTransformer (

transformers = [("cat", categorical_transformer, categorical_features)],

### Dataset Description: A The dataset was obtained from multiple sources, including surveys, job
posting sites, and other publicly available sources.A total of 6704 data points were collected.The
dataset included fivevariables: age, experience, job role, and education level and salary.

### Schema, and Data Profiling Info:

# Experience (string), distinct [ 60% ], missing [ 0% ], categorical-vals [1 year, 2 years, 3 years]
# Gender (string), distinct [ 40% ], missing [ 0% ], categorical-vals [ Male, Female ]

# Address (string), distinct [ 40% ], missing [ 20% ], categorical-vals [ CA, TX ]

# Zip (string), distinct [ 40% ], missing [ 40% ], categorical-vals [ 7050, 7871 ]

# Salary (int, target feature), min-max vals [ 100, 310 ], total-vals [ 5]

Catalog Data

### Categorical Features:| Experience, Gender, Address, Zip

remainder="
13: model = RandomForestRegressor(n_estimators=100, random_state=42)

14: pipeline = Pipeline(steps=[ (" ", preprocessor), (" ", model)1)
15: X_train = train_data.drop(" ", axis=1)
16: y_train = train_data[" "1
° >Y17. X_test = test_data.drop(" " axis=1)
18: y_test = test_data[" "]

pipeline.fit(X_train, y_train)
20: y_test_pred = pipeline.predict(X_test)

21: test_r2 = r2_score(y_test, y_test_pred)

22: print(f"Test R%: {test_r2}")

Figure 3: An example CatDB-generated prompt (instructions and refined metadata) for the Salary dataset, along with the
resulting pipeline. Our dataset-specific instructions guide the LLM in generating code based on our refined metadata analysis.

task-specific accuracy on validation data. In detail, the dataset D =
{(Xi,yi)}L, comprises rows of d-dimensional feature vectors X;
and corresponding labels y;. For classification, y; is categorical
(either binary or multi-class), whereas for regression, y; is numeric.
The column names are C = {cy, ¢z, ..., ¢q} of type string.

We split the problem of data-catalog-guided, LLM-based genera-
tion of data-centric ML pipelines into three sub-problems to facilitate
debuggability and extensibility, as shown in Figure 2.

Data Profiling: If metadata is unavailable, CatDB profiles the
dataset to obtain basic metadata. For every column, we extract the
schema (column name and data type), number of distinct values,
number of missing values, basic statistics (e.g., min/max, median),
and feature types (e.g., categorical, list). Additionally, we leverage
LLMs to refine and verify feature types and clean categorical values.

Prompt Construction: CatDB generates LLM prompts by com-
bining data catalog information in various ways (Table 1). We cre-
ate structured prompts for data pre-processing, feature engineering,
model selection, and hyper-parameter tuning using relevant meta-
data. Each prompt includes an instruction for a coding task in the
form of rule messages (R) to guide the output and schema mes-
sages (S) with catalog details. These messages are integrated into
an LLM-specific prompt template T, which can be a single prompt
(B =1) or a sequence (f > 1). CatDB is LLM-agnostic, with the aim
of generating high-quality pipelines while minimizing hallucina-
tions. Well-structured prompts improve consistency across LLMs,
ensuring semantically similar outputs with modest variability.

Pipeline Generation: The LLM-generated Python ML pipeline
requires refinement, validation, and execution. To ensure semantic
correctness, CatDB uses dataset-specific instructions, guiding the
LLM to perform well-defined coding tasks such as data cleaning
(e.g., handling missing values) and data transformation (e.g., scal-
ing numerical features) based on dataset metadata. This strategy
improves the effectiveness of the generated pipeline. To further
enhance reliability, a dedicated error management component de-
tects and corrects syntactic and runtime errors, ensuring that the
generated pipeline is both meaningful and executable.

Table 1: Metadata Combinations.

Data Profiling Combinations of Data Profiling Items
Items H1 #2 #3 #4 #5 | 46 #7 48 #9 #10 | #11
Schema O/ Y v v
Distinct Value Count 4 ‘ v /7 ‘ v
Missing Value Frequency v ‘ 4 v 7 ‘ v
Basic Statistics v ‘ v 7 v ‘ v
Categorical Values v ‘ v 7/ ‘ v
User Description (optional) v v vV vV V/ ‘ v v v v / ‘ v

User API: Finally, we provide users of CatDB with a program-
matic way to interact with the system’s data catalog and functional-
ity. This API consists of a function that accepts specific parameters
to retrieve or manipulate data, allowing users to control the data
access and processing according to their needs.

md = catdb_collect(M) /* collect metadata */

11m = LLM (model, clinet_url, config) /* config LLM %/
P = catdb_pipgen(md,11lm)

/* P.code: source code of generated pipeline */

/* P.results: outputs of pipeline's execution */

g A w N =

3 CATALOG AND PROMPT CONSTRUCTION

In this section, we describe the key algorithms for data catalog
metadata collection, refinement, and projection, as well as efficient
rule extraction, and the overall prompt construction algorithm. We
also provide examples to convey the underlying intuitions.

3.1 Data Catalog

Data catalog information is a rich source for constructing informa-
tive prompts. Algorithm 1 presents the pseudo-code for the offline
extraction of metadata from datasets. We pass the dataset D and
an optional parameter 7; that specifies the number of samples to
store in the data catalog for each column. The sample helps avoid
redundant data access during prompt construction.

Column Metadata: We first extract the columns (Line 1) and
initialize a dictionary for column metadata (Line 2). Subsequently,
we iterate through all columns (Line 3) and extract their data type,



Algorithm 1 PROFILING(D, 71)

Input: Dataset D, Number of Samples 7;
Output: Data Profiling
1: cols < GETCOLUMNS (D)
2 P [dict() ]ixjcos|
3: for ¢ € cols do
P [c]dataType, isCategorical <~ GETCOLUMNTYPE(D, c)
P [c]distinctionPercentage < GETDISTINCTIONPERCENTAGE (D, ¢)
P[] missingPercentage < GETMISSINGPERCENTAGE( D, ¢)
P[clips < GEINCLUSIONDEPENDENCIES (D, ¢)
P c]similarities < GETSIMILARITIES (D, c)
P [c]correlations ¢~ GETCORRELATIONS (D, c)
10:  P[c]samples < GETSAMPLES(D, ¢, 71)
11:  P[clstatistics < GETNUMERICALSTATISTICVALUES (D, ¢)
12: return P

// get dataset columns.

// iterate over dataset columns.

D A A

feature types, distinct and missing values percentages (Lines 4-
6). Extracting column dependencies are complex tasks and hence,
our system adopts a simpler approach. We create column embed-
dings (i.e., vectors of length 300) and use these embedding to ex-
tract metadata like inclusion dependencies, similarities, and column
correlations (Lines 7-9). This approach yields faster processing (a
few seconds) with minor degradation in accuracy. For categorical
columns, we store all unique values as column samples (Line 10),
and for non-categorical and numerical columns, we randomly select
71 values as column samples. Finally, we calculate statistics (e.g.,
min/max and median) only for non-categorical columns (Line 11).

3.2 Data Catalog Refinements

CatDB profiles datasets to collect attribute types (e.g., string, num-
ber) and categorizes them as ML feature types (e.g., Categorical
and List). We leverage LLMs to infer feature types and enhance the
collected metadata. Our refined feature types and cleaned values
significantly enhance ML model accuracy in many cases. Figure 4
illustrates the workflow of our catalog refinement, data cleaning,
and extraction of a refined dataset, which we will discuss below.

Categorizing Sentence Data Types: We first identify a list of
string feature as candidates for categorical feature types. These
candidates might include values in different representations, and
both mixed data and missing values could have hindered accurate
type identification. CatDB refines two types of values. First, we
separate, refine, and represent composite data as separate features.
For example, the Address attribute in Figure 1 is a mix of zip codes
and states, and thus, split into State and Zip. Second, we identify
and split sentence features into individual values, each hashed to a
new numerical feature. For example, the Skills attribute in Figure 1
is identified as a list feature and split into new features in Figure 5.
Additionally, LLMs can infer feature types with just the attribute
name and a few samples (10 in our system). We observed that the
refined values exhibit fewer distinct values, which facilitates the
identification as categorical. For example, the Experience attribute
in Figure 5 was transformed into a short list of categorical values.

Refining Categorical Data: Additionally, we refine categorical
values that are semantically equivalent (e.g., Figure 1 Gender at-
tribute). The list of distinct items of a categorical feature is usually
small, and thus, we submit the entire list to the LLM to obtain a
mapping of refined to original values. In case of many distinct items,
we perform this process batch-wise for robustness.

Raw Dataset Files Clean & Merge
[ Table #1 ] Table #2 Dataset
Cil-. en| L1l om Catalog | _ [
2 e 4_)Statlstu[:ﬁs 2 §-§ Xqf- - Xk |¥
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Figure 4: Data Catalog Refinements & Data Preparation.

Clean Dataset

# Experience Gender State Zip C++ Java Python Salary
1 1 year |Female CA 7050 @ 1 0 100
2 2 years Female TX 7871 [4 [4 0 150
3| 3 years Male TX 1 Q ) 300
4 3 years Female 7871 1 [4 Q 310
5 1 year Male CA Q 1 1 200
Column Name % Distinct Feature Type Samples
Experience 100 Sentence [12 Months, two years, ...]
Skills 100 Sentence ["Python,Java", ...] E"
Gender 60 Categorical [F, Female, M] 8
Address 100 Sentence [7050 CA, TX 7871, CA, ...1 &
Experience 60 Categorical [1 year, 2 years, 3 years] ]
Skills - List [SQL, Java, C++, ...] b
Gender 40 Categorical [Male, Female]
State 40 Categorical [CA, TX]
Zip 40 Categorical [7050, 7871]

Figure 5: Example of Data Catalog Update & Data Cleaning.

Materializing Prepared Data: After completing the refinement
process, we update and overwrite the input dataset. In detail, we
apply the mapping of categorical features values and join multi-
table datasets into a single table. In this stage, we are not considering
missing value imputation, outlier removal, and feature selection,
which we consider during pipeline generation.

3.3 Metadata Projection and Rule Definition

With the metadata at hand, we can construct prompts to guide LLMs
in generating pipelines. Our prompts consist of (1) the schema and
metadata (we filter and project relevant metadata), and (2) rules (we
define LLM tasks as rules based on data characteristics). Algorithm 2
sketches this metadata extraction and rules definition.

Schema and Metadata (S): Through the dataset schema and
column metadata, we guide the LLM. We also encode the column
names, which can enable the LLM to find correlations similar to
schema matching. If column names are not available, we add more
meaningful metadata, such as data type, feature type, statistics, and
samples. Furthermore, we include the number of missing values
and distinct values for choosing relevant pre-processing steps (see
Lines 2-6). As a basis for choosing the top-K columns as part of fea-
ture engineering, we also encode column dependencies as metadata.
Finally, we specify the label y as the target column (Line 6).

Rule Definition (R): We guide the LLM via rules with two
goals. First, we aim to reduce errors and improve performance. CatDB
employs a knowledge base to identify sources of errors and poor
model performance. Accordingly, we provide the LLM with a list of
rules for more directed search. Second, we aim for an open-ended
task guidance without dictating specific steps (e.g., XGBoost as the
ML model). Instead, we guide the LLM towards considering certain
primitives, which allows better options. There are four types of
essential system rules that can be inferred from a data catalog:



Algorithm 2 METADATAANDRULES(C)

Algorithm 3 promrT(D, M, , ff)

Input: Columns C(contains catalog data)
Output: Schema & Metadata S, Rules R
1: // a) Extracting Schema and Metadata for Saving in S
2: forc € C do // iterate over dataset columns
3 S[ec] « {cat[c]name, dataType, isCategorical, statistics, samples}

4 S[e] < U {Cat[c]distinctionPercentage, missingPercentage, IDs }

5. if c € {target column}then

6 S[c] « U{ target column”}

7: // b) Generating Rules for Saving in R

8: if C € {has missing values}then

9 RPreprocessing  GrTMissINGVALUEIMPUTATIONRULE (C)

10: RPreprocessing | | GeTDATAAUGMENTATIONRULE(C)

11: if C € {labels are imbalance}then

12:  Rpreprocessing | J GpTREBALANCINGRULE(C)

13; Rfe-engineering | j GprFEATUREEXTRACTIONRULE(C)

14: Rfe-engineering | J g FEATURESELECTIONRULE(C)

15; Rmodelselection | j GETMoDELSELECTIONRULE(C)

16: return S,R

e Data Preparation rules describe feature refinements (e.g.,
for missing values, feature normalization, outlier removal).
A generated pipeline will select appropriate methods (e.g.,
most-frequent value for categorical features).

o Feature Dependency rules encode the value extraction from
features or their relationships (e.g., for feature selection).

o Feature Filter rules remove features with low relevance or
correlation, which is useful for multi-table data with miss-
ing values and unnecessary features after consolidation.

e Data Augmentation rules rely on catalog statistics and target
features. In small or imbalanced datasets, we guide LLMs
to add data augmentation before training (Lines 8-15).

3.4 Overall Prompt Construction

Putting it all together, we now describe the overall prompt con-
struction algorithm (see Algorithm 3) and its remaining limitations.
Initialization: The algorithm is invoked with the dataset D,
the LLM M, and two optional parameters o and f that specify
the number of top-K columns impacting the target and a number
of chain prompts. We load the data catalog information in Line 1,
remove any unnecessary columns in Line 2, and also remove empty
and constant columns, as well as columns containing few non-null
values (e.g., columns with values in less than 2% of rows).
Metadata Projection: Furthermore, we select the top « features
(Line 3) if the user specifies this parameter. In order to do so, we en-
code column dependencies as metadata. CatDB projects metadata,
focusing on patterns crucial for pipeline generation. The metadata
is organized in the following order: 1) categorical, 2) features highly
correlated with the target but with missing values, 3) sentence, 4)
numerical, and 5) boolean features. The top-K algorithm prioritizes
categorical features and, if space permits, selects from other groups.
We found that categorical metadata is vital for pipeline generation
because the feature types identified can differ from those in the
data catalog. For instance, a feature with 7 distinct integer values
might be identified as numerical and a candidate for normaliza-
tion. However, the data catalog may highlight it as a categorical
feature suitable for feature hashing and one-hot encoding. Other
feature groups can be generalized with brief prompts (e.g., features

Input: Dataset D, LLM M, Top-K Columns ¢, Chains
Output: Prompt(s)
1: ¢ < LOADDATACATALOG (D)
: ¢ « CLEANDATACATALOG(C) // remove unnecessary columns.
: ¢ « sELEcTToPKCoLumNs(c, M, «r) // select Top-K columns.
: if f ==1then // all columns’ metadata & rules together (CatDB).
S, R < METADATAANDRULES(c) // get S and R for selected cols.
P « rORMATPROMPT(S, R, M) // format prompt question.
else // split tasks, S, and R for CatDB Chain.
P [lixprys ke 1
forie {1,---,p} do // iterating over column chunks.
10: S, R «— METADATAANDRULES(c[ (i — 1) X k : min(i X k, |c|)])
11: P[i]Preprocessing . poRMATPROMPT (S, RPTEProcessing - A{)
12: P[i]fefengineering — FORMATPROMPT(S, Rfefengineering, M)
13: S’ « <CODE>preprocessing & fe-engineering</CODE>
14: R’ « METADATAANDRuLgs™odel-selection ()
15 P+ 1]modelselection _ popyaTPROMPT (S, R/, M)
16: return P

// load datasets’s data catalog.

v1-v20 are numerical with 5% missing values), allowing pipeline
pre-processing to recognize them as specified in the data catalog.

CatDB Default: The user can specify the number of chains via
B:if f = 1, we will construct a single prompt without consideration
of LLM limitations. By default, we combine S and R to form the
final prompt, which is returned in Lines 4-6.

CatDB Chain: For § > 1 (called CatDB Chain), we split the
data catalog information into f chunks, each containing k columns
(see Line 8). We construct pre-processing and feature-engineering
prompts for each chunk (Lines 9-12), but only one model selec-
tion prompt (Line 15). The model selection prompt includes the
results of pre-processing and feature engineering tasks (generated
Python code) as well as the rules for model selection based on the
target column (Lines 13-14). Figure 6 shows the prompt templates
of CatDB (f = 1) and CatDB Chain (§ = 2). In CatDB Chain, we
first submit all pre-processing prompts, followed by feature engi-
neering prompts. In each chain, we append the previous result to
the new prompt. This strategy incrementally updates the pipeline
based on the prompt rules and metadata. We adopted this strategy
for two reasons: First, a chunking of columns may lose column
dependencies. By appending the source of the pipeline, the LLM
can interpret the source and successfully distinguish the column
dependencies. Second, we verify each pipeline step independently,
simplifying error detection and correction. However, this approach
increases token costs as each prompt includes the context.

Handling Prompt Limitations: Despite successful construc-
tion of prompts, CatDB faces a systemic limitation of LLM mes-
sage sizes. If datasets are small and the final prompt fits the LLM’s
limitations, the invocation only requires a single prompt (f = 1).
However, for large datasets with many features, the prompt exceeds
the LLM’s maximum token limit. To overcome this limitation, we
introduce two approaches. First, we reduce the number of features
via the parameter @, which trades model performance due to feature
selection with substantially reduced costs. Second, CatDB Chain
divides the metadata into smaller subtasks, projects metadata, and
chains the results (f > 1). While this strategy requires multiple
LLM invocations (increased time and cost), it is effective for much
larger datasets and provides robust error management.
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Figure 6: CatDB and CatDB Chain (Two Chains as Examples) with Ordering of Submitted Prompts.

4 PIPELINE GENERATION AND VALIDATION

CatDB generates an initial pipeline by submitting the constructed
prompt to the LLM and validating the output. Our validation in-
cludes a syntax check for correctness and a runtime check on a local
dataset. This mechanism facilitates efficient error management, and
we also conduct code analysis to identify and refine any missing
steps in the pipeline (see again, Figure 3 for an example).

4.1 Opverall Pipeline Generation

We aim to generate a high-quality, data-centric ML pipeline (no
errors, accurate, and fast) with only few LLM interactions. Accord-
ingly, we generate stateless prompts—that are self-contained—which
simplifies the re-submission of prompts for individual tasks. More-
over, we encode catalog information, such as file formats, delimiters,
and statistics (e.g., ratio of missing values) to guide the LLM. This
metadata is more concise than example records.

Algorithm Description: Algorithm 4 shows the overall CatDB
algorithm with a single prompt. For CatDB Chain, the entire algo-
rithm is repeated for each chain, passing the result of a chain to
the next. We first construct the prompt in Line 3 and submit it to
the LLM in Line 2 for obtaining the pipeline code. In Lines 3-15,
we attempt to debug and refine the generated pipeline by incor-
porating both local and LLM systems. The maximum number of
attempts is limited by 72 to ensure termination and control costs.
Lines 7-15 systematically check for the different error types, where
we aim to locally fix errors (Line 8), but fall back to LLM-based
error handling for unknown errors (Lines 10-14). Finally, we refine
or fix problematic parts of the pipeline, and return the pipeline.

ExAMPLE 1 (PIPELINE GENERATION). Figure 3 illustrates a com-
bination of rules and metadata that guides the LLM in adding step-
specific code. The file path and format of the dataset allows the LLM
to generate a CSV reader in Lines 8-9. For pre-processing (Lines 10-12),
the pipeline spends no time extracting columns with missing values
because we already know and encode the number of data points and
the ratio of not-null values into the prompt. Similarly, for feature
engineering, we guide the LLM with a list of categorical columns as
well as their distinct item ratios and values. The pipeline comprises
an OneHotEncoder and removes unnecessary columns after feature

Algorithm 4 prPEGEN(D, M, a, 12)

Input: Dataset O, LLM M, Top-K Columns ¢, Maximum Attempts 7,
Output: Pipeline Source Code SRC

1: p < PROMPT(D, M, at, f = 1) // dataset prompt Algorithm 3.
2: src < suBMITPROMPTTOLLM (p, M)
3: fori € 75 do

4 err < PARSEANDEXECUTE(src)

5. if err = @ then
6
7
8
9

// iterate to fix pipeline error.

break
else if err € {Knowledge-base Error} then

src «— FIXKNOWLEDGEBASEERORRANDAPPLYPATCH(s1C, err)
else if err € {Syntax Error} then

10: p’ < ERRORPROMPT(D, M, src, err) // syntax error prompt.
11: src «— suBMITPROMPTTOLLM (p’, M)

122 else

13: cat «— GETCATALOGDATA(D, err) // filter & project metadata.
14: p’ < ERRORPROMPT(D, M, src, err, cat) // run. err. prompt.
15: stc « suBMITPROMPTTOLLM(p’, M)

16: if =VERIFYPIPELINECODE(src) then
17:  src «— HANDCRAFTPIPELINE(SIC)
18: return src

engineering. The prompt mentions the target feature and asks for
training a regressor in Lines 15-18. Finally, our rules guided the LLM
to pick a RandomForestRegressor with fixed hyper-parameters.

Algorithm Cost Analysis: Finally, consider a pipeline prompt
Py of rules and metadata, and an error prompt P, of pipeline code
and the error. The incurred costs with a single-prompt CatDB are:

Y n2
C(Pp, Pery,12) =y L(Pp) + Y 3" L(Peyy), (1)
=1 j=1
where L(x) is the number of tokens, y is the number of LLM inter-
actions, and 1 is the maximum number of LLM error correction
attempts. Pe,; (iteration i, attempt j) depends on the size of the
error message. Furthermore, the costs of CatDB Chain are:

B
Cechain = C(Pm, Pe, ¥, T2) + Z ZC(Pi’Pei:Y,TZ), (2)
pe{Pa,Pr} =1

where Py, Pf, and Py, denote the individual pre-processing, feature
engineering, and model selection prompts.
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4.2 Validation and Pipeline Error Management

Although we guide the LLM with metadata to generate correct and
effective pipelines, errors are generally unavoidable. Randomization
means even fixed prompts can yield varying errors. To tackle this
issue, CatDB comprises a dedicated error management component
(see Figure 7), which we describe in detail below.

Types of Errors: Analyzing request logs from various LLMs,
we identified 23 types of errors (Figure 8 shows their relative occur-
rence frequencies), categorized into three groups: (i) Environment &
Package Errors: Pipelines run in a basic, pre-installed environment.
The CatDB Knowledge Base (KB) API manages six error types, such
as missing packages, which it resolves by installing dependencies
and re-executing the pipeline. (ii) Syntax & Parse Errors (SE): Using
the ast [3] library, we parse and execute pipelines, automatically
handling issues like missing imports, uncommented text, and inden-
tation. If unresolved, we resubmit the pipeline to the LLM. These
errors occur in <3% of cases and are typically fixed in one iteration.
(iil) Runtime & Semantic Errors (RE): Pipelines are tested on sample
data. Most errors (85%) arise from missing metadata or unavailable
data. LLM assistance, incorporating catalog details (e.g., column
types), resolves these typically within four iterations.

Error Correction: The CatDB KB API provides a cost-effective
and locally executable solution. However, both SE and RE may ne-
cessitate additional LLM interactions. Instead of our initial prompt
templates, we use dedicated prompt templates for error correction.
As shown in Figure 7, these templates combine (1) the source code
of the erroneous pipeline (in <CODE> tags), (2) the error message
with line numbers (in <ERROR> tags), and (3) a summary of the
original prompt (including metadata relevant to the errors solely
for RE). Table 2 shows the error distributions of our substantial
error traces we collected across various datasets, pipelines, and
LLMs over an extended system development period. Most errors
are related to RE and highlight the need to improve initial prompts
and enhance KB API handling to reduce generation costs.

Guarantees: CatDB gives the guarantee that there are no silent
errors, unknowingly corrupting accuracy. Combining syntax checks

Table 2: Error Distributions of Error Trace Dataset.

LLM ‘ Total Requests KB [%] SE [%] RE [%]
Llama3.1-70b 20,868 2.464 2.907 94.629
Gemini-1.5 pro 10,041 21.213 2.092 76.695

100 [l Llamas3 (Total Requestes = 20,868)
M Gemini-1.5 (Total Requestes = 10,041)
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Figure 8: Ratio and Distribution of Errors.

and runtime checks on local validation data, we verify the function-
ality and accuracy of the generated ML pipeline. In case of errors,
the combination of a local knowledge base of errors&solutions as
well as iterative LLM interactions for error correction have proven
very effective. By adding rare remaining errors to the knowledge
base, any manual error correction became the exception.

4.3 System Limitations

CatDB leverages LLMs to generate ML pipelines tailored to spe-
cific datasets, but there are remaining limitations that constitute
interesting directions for future work. First, we support basic data
cleaning tasks such as the handling of null values, duplicate values,
and outliers, but there are also many unsupported pre-processing
steps (e.g., entity resolution and data augmentation from data lakes).
Second, CatDB is designed for supervised learning tasks where we
leverage the accuracy on the validation data as a signal. Future ex-
tensions should include pre-processing and unsupervised tasks for
tabular, time-series, and image data. Third, we do not yet enforce
library constraints on pipeline generation. Organizations may have
restrictions on certain libraries, and thus, we should enforce lists
of allowed/disallowed libraries for compliance.

5 EXPERIMENTS

We study our CatDB framework on a variety of real-world datasets
with different data characteristics, examining both existing and
non-existing pipelines, and different LLMs. The primary insights
are that: (1) CatDB generates pipelines with competitive runtime,
cost, and evaluation performance, and (2) CatDB is robust with
regard to errors and large datasets with many features.

5.1 Experimental Setting

HW/SW Environment: We ran all experiments on a server node
(VM) with an Intel Core CPU (with 32 vcores) and 148 GB of DDR4
RAM. The software stack consisted of Ubuntu 22.04, OpenJDK 11
(for Java baselines), and Python 3.10 (for Python baselines).

Implementation Details: The entire CatDB system is imple-
mented in Python and utilizes the data profiling sub-system of
KGLiDS [35]. For generating pipeline code, we use the OpenAl
API [6] for GPT-4o, the Groq cloud [5] service for Llama3.1-70b,
and Google Al Studio [4] for Gemini-1.5-pro. The latency of LLMs
was negligible, lasting only a few seconds (analyzed via dedicated
tools [2]). We further utilize an automatic method for extracting
required packages and creating local environments.

Datasets: Table 3 shows the real-world datasets used for all
of our experiments. These datasets encompass three task types
(binary/multi-class classification, and regression), single/multi-table
datasets, and different data characteristics. We divided all datasets
into 70/30 train and test sets. For CatDB, we profile the datasets,



Table 3: Used Datasets and their Data Characteristics.
ID Dataset

#Tables n (nrow) m (ncol) Dataset Type #Classes

1 Wifi 1 98 9 Binary 2
2 Diabetes 1 768 9 Binary 2
3 Tic-Tac-Toe 1 958 10 Binary 2
4 IMDB 7 30,530,313 15 Binary 2
5 KDD98 1 82,318 478 Binary 2
6 Walking 1 149,332 5 Multiclass 22
7 CMC 1 1,473 10 Multiclass 3
8 EUIT 1 1,253 23 Multiclass 148
9 Survey 1 2,778 29 Multiclass 9
10 Etailing 1 439 44 Multiclass 5
11 Accidents 3 954,036 46 Multiclass 6
12 Financial 8 552,017 62 Multiclass 4
13 Alirline 19 445,827 115 Multiclass 3
14  Gas-Drift 1 13,910 129 Multiclass 6
15 Volkert 1 58,310 181 Multiclass 10
16 Yelp 4 229,907 194 Multiclass 9
17 Bike-Sharing 1 17,379 12 Regression 869
18 Utility 1 4,574 13 Regression 95
19 NYC 1 581,835 17 Regression 1,811
20 House-Sales 1 21,613 18 Regression 4,028
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(b) Data Type Distribution.
Figure 9: Data Profiling and Data Type Distribution.

extract their metadata, and store this metadata in our data catalog.
Figure 9(a) shows the runtime of this offline data profiling. Our
system takes = 6 min for large datasets and < 50s for small ones.
Figure 9(b) further shows the distribution of data types. We observe
a good mix of numerical, textual, and categorical features.

Baseline Comparisons: We compare our CatDB framework
with state-of-the-art systems in three settings:

o LLM-based Baselines: AIDE [69] and AutoGen [82] are state-
of-the-art, end-to-end LLM-based solution generators for
ML tasks. Additionally, CAAFE [37] a semi-automated ML
task generation system, uses LLMs for automatic feature en-
gineering in small tabular datasets. While CAAFE and AIDE
only support the OpenAI LLMs, we extended their function-
ality to support Llama and Gemini, as well as other models
beyond TabPFN [36] (e.g., RandomForest) for CAAFE.

o AutoML Tools: We compare CatDB with AutoML systems
designed for tabular data. We prepared all datasets in a
way to be compatible with the following AutoML tools:
AutoGluon [24], H20 [46], Flaml [80], Auto-Sklearn (for re-
gression) [27], and Auto-Sklearn 2.0 (for classification) [25].
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Figure 10: Metadata Impact on Pipeline Performance.

o AutoML-based Workflows: Since AutoML primarily focuses
on model selection, we added two pre-processing steps: data
cleaning w/ SAGA [74] and Learn2Clean (L2C) [15], and
data augmentation w/ ADASYN [33] for classification and
Imbalanced Learning Regression [83]. The pre-processed
datasets were then submitted to the AutoML tools. Pre-
processing was only done on the training set, while model
performance was evaluated on the unaltered test sets.

5.2 Prompt Construction and Metadata Impact

To study the impact of metadata, we compose different configu-
rations as shown in Table 1, and evaluate the pipeline accuracy
on three different datasets and task types. Figure 10 shows the
performance of CatDB with gradually increasing metadata.
Pipeline Quality: Figure 10 shows micro benchmark results
for the impact of metadata and the quantity of these meta data.
First, more metadata does not always improve pipeline quality.
Simple schema metadata (feature names and types) often matches
or outperforms schemas with additional statistics (Figures 10(a),
10(c)). CatDB carefully combines metadata and instructions to en-
hance performance, as excessive metadata can lead LLMs to ignore
tasks. When prompts lack specific instructions tied to relevant meta-
data (e.g., handling missing values), LLMs may default to arbitrary
pre-processing, such as random imputation. Second, LLMs strug-
gle with overly large metadata inputs. In Figure 10(c), we vary K
for the top-K feature metadata selection. Exceeding 260 features
caused very large prompts and led to ignored rules. As shown in
Figure 10(d), CatDB Chain mitigates this issue by splitting tasks
and feature metadata, ensuring effective pipeline generation. Third,
due to randomness, there is some variation in performance even
with a fixed prompt for different meta data configurations, but
CatDB Chain achieved consistently high performance compared
to all other configurations. Fourth, fixed metadata is only effective
for homogeneous datasets (e.g., numerical-only with basic statis-
tics) but falls short for heterogeneous datasets with mixed feature
types. CatDB’s metadata selection adapts to dataset characteristics,
leading to >20% performance gains over Gemini configurations



Table 4: Catalog Refinement and Data Cleaning (6 Datasets Refined: 1-14 Columns, LLM = Gemini-1.5).

Method EUIT Wifi Etailing Survey Utility | Yelp
#1  #2  #3 #4 #5 #6 #7 #8 #9 #10 #11 #12 #13 #14 | #1 #2 #3 #4 | #1 #2 #3 #4 #5 #6 #1 #2 #1 #1  #2
Original | 563 256 148 64 119 53 59 46 24 11 48 12 15 4 |69 5 4 2 (256 121 71 90 134 14| 1008 (sentence) 9 199 2060 61
CatDB | 100 43 45 32 95 39 47 36 16 3 43 6 9 3115 4 3 1|18 17 31 66 127 10| 160 (categorical) 8 132 512 55

Table 5: Performance Comparison of Six Cleaning Datasets (LLM = Gemini-1.5, *: CatDB Config, +: CatDB Chain Config).

CatDB/CatDB Chain CAAFE AIDE AutoGen AutoML AutoML w/ Workflow
Dataset | Original Refined TabPFN R Forest H20 Flaml Autogluon | Clean H20 Flaml Autogluon
Train Test | Train Test | Train Test ‘ Train Test | Train Test | Train Test | Train Test | Train Test | Train Test | Method | Train Test | Train Test ‘ Train Test
EUIT* | 100.0 392 | 100.0 918 0.1 N/A ‘ 01 N/A| NJA N/A| N/A N/A| N/A N/A| NJA N/A| 905 4438 L2C N/A  N/A| N/A N/A ‘ 89.9 326
Wifi* 100.0 100.0 | 100.0 100.0 | 100.0 56.5 | 79.8 61.5| N/A N/A| 642 64.2| 843 61.0| 849 73.7| 90.6 61.0 | SAGA 99.9 606 | 984 642 | 979 658
Etailing* 100.0 685 | 100.0 99.9 | 998 71.0 | 79.6 69.9 | 100.0 69.7 | 100.0 63.4 | 100.0 53.1 | 79.4 649 | 969 67.7 L2C 99.9 64.0 | 100.0 652 | 985 724
Survey* 100.0 922 | 100.0 97.1 | 995 97.7 | 885 8385 | 99.7 90.6|100.0 98.1| 849 843 | 98.8 98.1| 992 934 | SAGA 83.0 753 | 993 882 | 991 856
Utility™ | 99.8 98.8 | 99.8 988 Dosen’t support 99.8 99.0 | 988 988 | N/A N/A| 99.9 99.0| 99.9 99.5| SAGA | 40.6 4.6 No trained models
Yelp+ 99.9 66.8 | 999 98.2 | Out ofMem.‘ 658 655 | N//A N/A| 762 758 | 925 77.2| 855 767 | 844 819 L2C 81.1 64.6 | 90.0 70.1 ‘ 96.8 89.0
using the same metadata (Figures 10(a) and 10(b)). Finally, despite Table 6: Runtime Comparison of Six Cleaning Datasets.
significant performance differences across LLM models and tasks, Dataset|  CAtDB [s] CAAFE [s] | AIDE | AutoGen | Cleaning + Aug.
CatDB Chai istentl ields hich Original Refined | TabPFN R.Forest| [s] [s] [s]
a amn consistently yields lg accuracy. EUIT 4.5 1.4 132.2 238.4 N/A N/A 203.6 + 1.6
Wifi 0.8 0.8 86.30 89.5 N/A 48.92 200.4 + 5.2
. Etailing 1.6 1.7 178.9 98 40 245.6 330 + 1.6
5'3 Catalog Reﬁnement and Data Cleanlng Survey 1.8 1.4 297.4 114.7 40 39.2 2,086.8 + 5.5
In order to evaluate the data catalog refinement and initial cleaning, Utility | 4.2 3.8 NA  N/A | 40 | 299 863.6 + 2,755.1
Yelp 584.4 2,477.4 N/A 1,029.5 N/A 323 41,400.6 + 83.8

we perform dedicated micro-benchmarks.

Number of Distinct Items: Table 4 shows the LLM-based cata-
log refinement, with 1 to 14 updates. We ran these experiments with
all LLMs, observed negligible differences, and thus, report the Gem-
ini results. We distinguish categorical and list features, where lists
are highlighted with gray background. For instance, in Yelp column
#1, values such as "Golf,Roofing,Movers", "Movers,Taxis" and
"Taxis,Golf" were joined and treated as categorical values. Our
system identifies the feature type as a list, extracts unique values
({Golf,Roofing,Movers, Taxis}) and applies k-hot encoding. For
other columns (not highlighted), CatDB deduplicates the values,
where we see a systematic reduction of distinct items.

Accuracy Impact: Table 5 compares the accuracy of original and
refined versions on six datasets, including a comparison with work-
flows of state-of-the-art data cleaning and AutoML tools. CatDB
consistently improves the performance, particularly on datasets
with data quality issues, achieving up to 52% gains. First, on EUIT,
categorical features caused L2C to fail due to the absence of con-
tinuous columns. The target feature had semantically identical but
differently formatted duplicates, leading to imbalanced labels and
incorrect upsampling. AutoGluon performed better on the original
data, while AIDE, AutoGen, and CAAFE removed missing-value fea-
tures, reducing sample size and impairing model building. Second,
on Etailing, performance was initially comparable across methods,
as all relied on basic LLM decisions. Our cleaning (catalog refine-
ment) step improved accuracy by 30% due to eliminating duplicate
values correlated with the target feature. Third, on Yelp, hashed
days and timestamps were misinterpreted as missing values. SAGA
and L2C applied imputation, distorting the distribution, while LLM-
based methods failed to recognize list features, leading to poor
performance. For Wifi, Survey, and Utility, improvements stemmed
from better categorical value handling and deduplication. In Wifi,
CatDB refined a highly correlated categorical feature and removed
a constant-value feature, while in Survey, a feature was transformed
from a sentence to a categorical feature. Overall, CatDB shows very
good and robust train and test accuracy.

Costs and Runtime: CatDB shows major cost and runtime dif-
ferences to other LLM-based baselines. CatDB’s costs are influenced
by three factors: First, CatDB’s uses a two-step process for refining
categorical values and integrating data catalog information, which
adds overhead. Second, CatDB provides only moderately detailed
metadata to the LLM, whereas CAAFE includes schema and 10 sam-
ples per feature, which incurs higher costs for datasets with many
features. AIDE and AutoGen rely on concise, human-generated
descriptions, but this approach shifts effort to human oversight.
Third, CatDB boosts the pipeline quality by incorporating error-
handling mechanisms, which further increases cost. In contrast,
AIDE and AutoGen resubmit prompts, while CAAFE skips feature
engineering when errors occur. Finally, Table 6 compares pipeline
execution times (excluding generation time) across six datasets.
CatDB substantially outperforms CAAFE by leveraging cleaned
data and avoiding computationally expensive pipeline primitives.
On Yelp as an exception, one-hot encoding increased data size
and processing time. Overall, CatDB outperforms all baselines, on
almost all datasets by more than an order of magnitude.

5.4 Pipeline Performance with 10 Iterations

To study CatDB’s and CatDB Chain’s pipeline generation, we gen-
erate and execute ML pipelines for three datasets using three LLMs
with 10 iterations of prompt executions.

Quality of Generated Pipelines: We evaluate pipeline qual-
ity over 10 iterations to account for randomness, even with LLM
temperature set to zero. Figure 11 compares our method with LLM-
based baselines in terms of AUC scores. The CAAFE framework—
which uses a fixed pre-processing stage, LLM-driven feature engi-
neering, and a fixed classifier (TabPFN)—performs well with mini-
mal variance (Figures 11(a) and 11(b)). However, CAAFE struggles
with high-dimensional feature spaces, such as the Volkert dataset
(Figure 11(c)), and its performance drops when replacing TabPFN
with RandomForest as a model with better scalability. The AIDE



Table 7: Performance Comparison of 8 Datasets (Iteration = 1, OOM: Out of Memory, TO: Time Out). L2C Preprocessing: Decimal
Scale Normalization (DS), Exact Duplicate (ED), Approximate Duplicate (AD), Inter Quartile Range (IQR), Local Outlier Factor
(LOF), Expectation-Maximization (EM) and MEDIAN Imputations, DROP Sample.

Dataset LLM CatDB CAAFE AIDE | AutoGen AutoML AutoML w/Cleaning & Augmentation
Single Chain | TabPFN R.Forest A.Sklearn H20 Flaml Autogluon | Preprocessing | A.Sklearn H20 Flaml Autogluon
GPT-40 | 100.0 100.0 N/A | 100.0 100.0 N/A N/A DS +
Airline Gemini-1.5 | 100.0 100.0 OOM 100.0 | 100.0 OOM 100.0 N/A N/A MEDIAN + No Training Model
Llama3.1-70b | 100.0 100.0 N/A | 990 1000 N/A N/A AD
GPT-40 | 9862 98.58 N/A | 100.0 1000 1000  99.99 99.99  99.99
IMDB Gemini-1.5 | 99.98 99.98 0OM N/A | 100.0 OOM  100.0 99.99 97.5 DS + ED OOM  99.99 99.99 TO
Llama3.1-70b | 97.18 96.38 N/A | 500 100.0 99.99  99.99 99.99 9975
GPT-40 | 9421 9501 8462 | N/A | 9444 939 9394  97.34 DROP + 9149 9312 94.95
Accidents | Gemini-1.5 | 942 9421 | OOM 8425 | N/A | 9654 OOM 9096 9536  97.17 DS + AD OOM 8435 9335 9491
Llama3.1-70b | 950  95.18 84.02 | N/A | 93.83 9292 9495  97.35 93.09 9293 9472
GPT-40 | 100.0  99.9 8524 | N/A | 100.0 1000 1000  99.99 DS + 99.01 1000  100.0
Financial | Gemini-15 | 100.0 100.0 | OOM 849 | N/A | 100.0 OOM  100.0 100.0  99.99 DROP + OOM 1000 100.0  100.0
Llama3.1-70b | 100.0 100.0 8594 | N/A | 100.0 1000 100.0  99.99 LOF + ED 99.01 1000  100.0
GPT-40 | 6866 7381 | 7313 6791 | 7156 | 7161 7639 7639  27.22 DS+ 7415 7362 72.81
cMe Gemini-1.5 | 68.84 7433 | 73.13  67.95 | 7202 | 7161 TO 7517 77.23 2571 | Augmentation TO 7443 7565 7111
Llama3.1-70b | 73.15  71.03 | 757 7429 | 7156 | 7153 75.96 7580  27.22 7571 7424 7111
GPT-40 | 7683  86.89 3046 | 3946 N/A  N/A 9097 60.0 NA  NA 9227 92.3
Bike-Sharing | Gemini-1.5 | 92.06 ~ 92.12 | Dosen’t support | 94.27 93.55 94.32 N/A  93.82 64.29 IOR 93.17 N/A  93.29 93.18
Llama3.1-70b | 79.54  88.04 9347 | 935 9439 N/A 9382 7215 9317  N/A 9281 9215
GPT-40 | 8748 8634 7541 | N/A 89.81 1568 87.99  86.69 8357 265 777 84.19
House-Sales | Gemini-1.5 | 99.99 87.98 Dosen’t support | 75.41 87.9 89.86 N/A  89.94 90.34 IQR + AD 84.07 1591 77.7 83.6
Llama3.1-70b | 87.96  89.0 87.87 | 879 8989  N/A 8939  90.36 8413  N/A 8362 8419
GPT-40 | 4858 5517 3264 | 68.74 1014 N/A 5638 4325 9.56 3156 6285  41.24
NYC Gemini-1.5 | 67.22 6553 | Dosen'tsupport | 69.25 | 68.74 6241  N/A 6882  45.16 IQR + ED 3372 N/A 6891 5197
Llama3.1-70b | 48.58  48.58 6871 |  68.75 5667 3528 6588 4556 57.04 3157 69.42 5559
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Figure 11: Performance Comparison of Three Datasets w/ LLM-based Baselines (10 iterations).
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Figure 12: Cost and Runtime Comparison of Three Datasets
and Different LLMs (10 iterations).

over CAAFE, with an even larger gap for datasets with many
features (Figures 12(b) and 12(c)) due to pre-processing before
feature engineering and model construction. Compared to AIDE
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Figure 14: End-to-End Experiments with Outlier and Missing Value Injection (Gemini-1.5).

and AutoGen, CatDB generates more detailed instructions and
error handling, increasing processing time. In contrast to AIDE
and AutoGen—whose runtime variability depends on the LLM
performance—CatDB shows consistently moderate end-to-end run-
time and much smaller pipeline runtime.

5.5 Pipeline Performance with Single Iteration

We now compare CatDB with both LLM-based baselines and Au-
toML tools, for a single LLM repetition but up to 15 error correction
iterations. The time budget of AutoML tools (which we run for
multiple repetitions) was set to the measured CatDB runtime.

Quality of Generated Pipelines: Table 7 shows the results for
all classification (binary/multi-class) and regression tasks. Overall,
we see reliable performance of CatDB and CatDB Chain, even com-
pared to many state-of-the-art systems. Every row shows the test
AUC/R? for a dataset/LLM pair. CatDB and CatDB Chain achieve
a majority of top rankings. CatDB Chain yields generally better
performance for larger datasets—where the task splitting ensures
all tasks are represented properly (e.g., CatDB missed feature en-
gineering for CMC) and a reduced number of errors. In contrast,
CAAFE TabPFN failed on large datasets, and many AutoML tools
ran into out-of-memory errors or timeouts.

Costs of Generated Pipelines: We further reevaluate the token
consumption including initial prompts and error handling across
ten datasets. For CAAFE, AIDE, and AutoGen, only the total token
count was considered. Figure 13 shows that CatDB and CAAFE
have comparable costs, while CatDB Chain sometimes incurs higher
costs. Error management costs for CatDB and CatDB Chain vary
significantly across LLMs, with higher costs for regression tasks and
multi-table datasets. Most of CatDB Chain’s costs are due to error
management, especially with the Llama model, which struggled to
maintain the system conversation but eventually converged.

Table 8: Runtime of 8 Datasets Across Different LLMs [s].

Baseline Gemini-1.5 Llama3.1-70b GPT-40
Fail AVG SUM | Fail AVG SUM |Fail AVG SUM
CatDB 0 7.5 60.1 0 74 589 0 19.6 156.5
CatDB Chain 0 8.1 65.1 0 74 595 0 145 116.1
CAAFE TabPFN | 7 +4 +4 7 13 13 7 F4 F4
CAAFE RForest| 5 342 1027| 5 227 680 | 5 226 679
AIDE 3 08 42 4 1713 693 4 o7 2F
AutoGen 0 11.8 944 0 7.4 589 1 487 3407

End-to-end Generation Runtime: Table 8 shows the end-to-
end runtime across eight datasets and various LLMs, including
the number of failed datasets (Fail), the average (AVG) and total
(SUM) runtimes for successful datasets (where the runtimes are
only comparable without failures). For CatDB, the reported run-
time includes data loading, catalog refinement, metadata projection,
rule definition, pipeline generation, error management, and execu-
tion. CAAFE succeeded on one small dataset with TabPFN and on
three with RandomForest but failed on larger datasets after four
days. Compared to the ten repetitions, CAAFE’s single data pre-
processing step dominates the runtime here. The AIDE and Auto-
Gen baselines lack pre-processing and error management, and their
runtime heavily dependent on LLMs. Llama-generated pipelines
often defaulted to naive grid search, which substantially increases
the runtimes. These frameworks also spent more time retrying re-
quests (AIDE up to 20 times, AutoGen up to 15) and executing grid
search pipelines. In contrast, both CatDB and CatDB Chain, success-
fully run across all LLMs, datasets, and tasks. Additionally, CatDB’s
multi-threading rules further improved the runtime efficiency. Over-
all, CatDB achieves the best trade-off of good end-to-end runtime,
robustness in terms of rare failures, very fast pipeline runtime, and
high accuracy even with a single iteration.



5.6 Data-centric ML Pipelines

Finally, we study the impact of generating data-centric ML pipelines,
compared to AutoML tools (without pre-processing in end-to-end
experiments). AIDE and AutoGen were excluded due to frequent
failures and the need for human-generated descriptions and inter-
ventions. We use the Utility (regression) and Volkert (classification)
datasets and introduce outliers and missing values. Figure 14 shows
the impact of pre-processing primitives on model quality. Increas-
ing the ratio of outliers (from 0% to 5%), CatDB maintains good
performance, whereas all AutoML tools deteriorate for more than
1% data corruptions. In contrast, both CatDB and some AutoML
tools (Flaml and Autogluon) handle missing values quite well in
regression (see Figure 14(b)). In classification (see Figures 14(e) and
14(f)), most AutoML tools and CAAFE deteriorate. We further gen-
erate mixed errors (Figure 14(c) and 14(f)) where most AutoML
tools show again low performance. Generating data-centric ML
pipelines with CatDB robustly yields high prediction quality.

6 RELATED WORK

Our work is related to data catalogs, LLM-guided artifact generation,
data preparation for ML, and AutoML tools, which we survey here.

Data Catalogs and Refinements: Data catalogs are essential
for data governance, research data management (according to FAIR
data principles [81]), and data markets; with examples like Gaia-X
data catalogs [76], Apache Atlas [11], and Google dataset search
[14,17, 32]. These catalogs store basic metadata, detailed data prove-
nance [20, 61], and data profiles [9]. KGLiDS [35] interlinks data
catalogs with abstract pipeline scripts and offers GNN-based au-
tomation for tasks like data cleaning and transformation, but it
lacks LLM support for complete pipeline generation. Some catalogs
also include index structures, embeddings, and data summaries
for dataset discovery and augmentation [67]. Most state-of-the-
art systems [8, 13, 24] rely on statistical and syntactic properties,
which can lead to incorrect feature type assignments in noisy data.
Recent approaches [71] improve feature type inference and dedu-
plication by training ML models on manually labeled data [72],
but still require manual labeling. In contrast, we leverage LLMs to
infer feature types and refine metadata, demonstrating improved
performance across diverse datasets and utilizing this information
for guiding LLM artifact generation.

LLM-guided Generation: LLMs like GPT [18], Gemini, and
Llama are extensively used to generate artifacts such as source code
[31, 38], queries [29], data wrangling programs [55], data analysis
pipelines, and visualizations, as well as for question answering [51].
This generation process allows for materialization, scrutiny, and
correction before deployment. Typically, LLMs are integrated into
data management systems by serializing data entries and predict-
ing masked tokens. Recently, GIDCL [84] combines LLMs with
Graph Neural Networks to improve data cleaning, whereas SMART-
FEAT [50] uses LLMs to generate new features from contextual
information and external knowledge. CAAFE [37] focuses on fea-
ture engineering but struggles to handle large datasets. In contrast,
CatDB generates scalable, end-to-end data-centric ML pipelines.

Data Preparation for ML: Data preparation methods in terms
of data validation [68], cleaning [30, 48, 74], and augmentation [22,
45] as well as feature engineering [63, 70] are crucial for high quality,

data-centric ML pipelines. First, data validation [12, 68, 78] summa-
rizes data characteristics and validates if expectations are satisfied
through constraints. Data visualization tools, such as Facets [65]
and TFDV [23, 62], further allow the semi-manual identification
of errors and anomalies. Second, data cleaning involves two main
tasks: error detection and correction. Tools like ActiveClean [44],
CPClean [41], and Learn2Clean [15] focus on specific models or
error types, such as missing values. Li et al. explored the impact of
basic data cleaning techniques on ML model accuracy [48]. Other
methods include evolutionary algorithms for finding effective data
cleaning pipelines [74] and feature engineering with fairness con-
straints [56, 66]. Third, data enrichment adds features to boost
model quality. Tools like FeatNavigator [49], SOS [43], and SAN-
TOS [42] automate the addition of relevant features from relational
tables by evaluating their importance for the downstream ML task.
Some frameworks use reinforcement learning for data augmenta-
tion [22] of additional synthetic data points, derived from a small
labeled dataset. Although these standalone methods are very effec-
tive, they cannot be seamlessly composed due to system boundary
crossing and specialized internal enumeration procedures. In con-
trast, CatDB first refines data catalog information (e.g., removing
duplicate categories) with iterative LLM interactions, and then
guides the LLM through metadata and instructions to generate
appropriate data-centric ML pipelines. We run the LLM-generated
lightweight ML pipelines without additional iterative search proce-
dures, yielding efficient and scalable execution plans.

AutoML Tools: Automating the process of model and feature se-
lection through AutoML tools is a well-studied problem [19, 26, 28,
47, 85]. Examples include Auto-Weka [79], Auto-Sklearn [25], Auto-
Keras, TPOT [58], H20-AutoML [46], TuPaQ [75], Alpine Meadow
[73], KGpip [34], and AlphaD3M [52]. Most of these tools focus pri-
marily on model selection though. Recently, dedicated frameworks
aim to find data augmentation pipelines via reinforcement learn-
ing [22], data cleaning pipelines through evolutionary algorithms
[74], and feature engineering decisions under fairness and other
constraints [56, 66]. In contrast, CatDB generates data-centric ML
pipelines in a data-catalog-guided and LLM-based manner.

7 CONCLUSIONS

To summarize, we introduced CatDB as a holistic system for the
data-catalog-guided, LLM-based generation of effective and effi-
cient data-centric ML pipelines. Key technical contributions are
techniques for incorporating data catalog information and rules
into the LLM prompts, data catalog refinements, prompt chain-
ing, and error handling. We draw two major conclusions. First, the
LLM-based generation of data-centric ML pipelines with metadata
from data catalogs yields competitive pipeline accuracy with more
efficient pipelines compared to specialized tools for data cleaning
as well as AutoML tools. Second, dedicated pipeline validation and
error handling with a knowledge base of common errors and LLM
specifics, ensures reliable and trustworthy pipelines. Interesting
future work includes (1) a more fine-grained, task-specific encoding
of metadata into prompts, (2) generating high-performance and
scalable ML pipelines (e.g., distributed or specialized accelerators),
and (3) LLM-based reasoning agents for natural language insights
and automated explanations in data-centric ML pipelines.
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