
CatDB: Data-catalog-guided, LLM-based Generation of

Data-centric ML Pipelines

Saeed Fathollahzadeh¶ Essam Mansour ¶ Matthias Boehm ·¸

1

2

3

1. Motivation
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Caret-Square-Right Data-centric ML pipelines are crucial Ü labor-intensive.

Caret-Square-Right AutoML systems Ü struggle with large datasets.

Caret-Square-Right LLMs demonstrate strong capabilities in coding Ü struggle on unseen data.

Caret-Square-Right LLM-based pipeline generation Ü lacks tailored dataset context.

2. Data-centric ML pipelines w/ [Metadata-only vs. CatDB] & LLM

Salary dataset: comma-separated CSV file

Target feature: "Salary"

Experience Skills Gender Address Salary

12 Months SQL,Java F 7050 CA 100

two years JavaScript Female TX 7871 150

36 months C/C++,.Net M Texas 300

3 Years JS,CPP,SQL Female 7871 310

one Year Python Male CA 200

2 Years C#,Java 0 TX 175

1 Load Dataset

2 Deduplicate Categorical Values
Experience: Replace(12 Months:1 year, ..)

Skills: Replace(CPP:C++, .Net:C#, ..)

Gender: Replace(F:Female, M:Male)

3 Decompose Features

Address: Split to State and ZipCode

4 Infer Feature Type
Skills: Set as List Type

5 Feature Selection

Address: Keep ZipCode & Remove State

6 Feature Hashing

7 Train Model

1 Load Dataset

2 Hash Categorical Feature
Gender: {M, F, Male, Female}

3 Train Model

Accuracy = 91.8%Accuracy = 39.2%

Pipeline DAG with CatDB & LLM

Pipeline DAG with
Metadata & LLM

3. Data-centric ML pipeline generation in CatDB

Table #1
𝑐1 𝑐2 ...
1 a ...
2 - ...
... ... ...

Table #2
𝑐1 𝑐2 ...
A 0 ..
B 1 ...
... .. ...

.......

Table #N
𝑐1 𝑐2 ... target (y)
1 A ... Yes
2 0 ... No
3 - ... null
... ... ... ...

User Descriptions:

X Task Description
4 Dataset Description

Data Profiling:

¨ Extract Dependencies
¡ Profile Raw Data

LLM

Refine
Feature Types

Deduplicate
Values

Chain Prompt

Select Top-K Features

� Infer Instructions (R)
� Project Metadata (S)
� Prompt Template (T)

Single

Prompt Generator

Features =
𝛽⋃
𝑖=1

𝐺𝑖

Preprocessing Feature Engineering Model Selection

� Infer R𝑖 , Project S𝑖 , and Select T𝑖

Prompt 1

Prompt 𝛽

Prompt 1

Prompt 𝛽

Model
Selection
Prompt

Chain Prompt Generator

𝛽 > 1

𝛽 = 1 LLM

Raw Pipeline Code

Parse & Compile

Execute

Error

Error

Raw Dataset (D) Data Catalog Prompt Construction Manage Pipeline (P)

4. Performance Comparison (LLM = Gemini-1.5)

CatDB (Orig Data) CatDB (Refined Catalog) CAAFE TabPFN CAAFE RandomForest AutoML w/Preprocessing
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Utility

Caret-Square-Right Categorical Features: Caret-Square-Right Deduplication: Caret-Square-Right Feature Refinement:

Angle-Right Fixes formatting, transforms complexity. Angle-Right Removes duplicates, balances labels. Angle-Right Drops constant/misread features, preserves distribution.

5. Outlier and Missing Value Injection (Gemini-1.5)

CatDB CAAFE RandomForest Flaml Autogluon AutoSklearn H2O
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Caret-Square-Right Robustness Ü CatDB maintains high performance even with increasing missing values and
5% outliers.

6. Conclusions

Caret-Square-Right Data Catalog Integration Ü Use metadata & rules for tailored pipelines.

Caret-Square-Right Catalog Refinements Ü Enhance catalogs to guide ML pipeline creation.

Caret-Square-Right Prompt Chaining Ü Sequence prompts to optimize generation.

Caret-Square-Right Error Handling Ü Validate, fix with knowledge base for reliable pipelines.
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