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Feature Engineering for Tabular Data

Feature Engineering for Tabular Data

The Problem

Current methods assign the LLM both 
roles:

1. Proposing candidate features
2. Selecting which one to evaluate

The LLM acts as a black-box optimizer, 
relying entirely on internal heuristics for 
both generation and selection.
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Engineering
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LLMs can propose creative feature transformations by 
leveraging semantic understanding of the task and data.

E.g., CAAFE (Hollmann et al., 2023), OCTree (Nam et al., 
2024)

age, income, zip, ... log(age), income/yr, ... XGBoost, MLP, ...
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1
No Calibrated Uncertainty

LLM cannot quantify how 
promising or uncertain a 

candidate is

2
Wasted Exploration

Repeated low-yield 
operations without 

principled search strategy

3
No Human Steerability

No mechanism to 
incorporate expert 
domain knowledge

→ Suboptimal feature engineering, especially when iteration budgets are limited.
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Why is this a problem?



Previous Approaches

LLM

Propose + Select
(black box)

• Single model handles both roles
• No uncertainty quantification
• No human interaction mechanism

→

Our Framework

LLM
Propose

BNN+UCB
Select

Human

Selective
feedback

• Principled Bayesian selection
• Calibrated uncertainty estimates
• Selective human preference queries
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Our Approach: Decouple Proposal from Selection
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Framework Overview

Lemma 3.1:
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Surrogate Model: Encoding & BNN



Selective Human Preference Feedback
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Dataset OpenFE AutoGl. CAAFE OCTree
Ours
(w/o)

Ours
(w/)

MLP

flight 93.3 92.6 92.9 94.8 96.9 97.3

loan 95.3 95.4 95.7 95.9 96.0 96.1

conversion 90.7 90.6 90.9 91.1 92.6 92.9

heart 92.2 92.3 92.6 93.1 93.4 93.6

XGBoost

flight 95.7 95.4 95.2 96.4 97.6 98.0

conversion 91.2 91.9 92.1 92.4 93.5 93.9

heart 93.6 93.5 93.6 94.3 95.1 94.8

GPT-4o backbone. 18 datasets total, representative subset shown

Avg Error Reduction vs. Best Baseline

7.24% w/o Human

8.96% w/ Human

9.02% w/o Human

11.23% w/ Human

Consistent across 4 backbone LLMs
(DeepSeek-v3, GPT-3.5, GPT-4o, GPT-5)

Key Results: Classification (AUROC %)
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MLP

XGBoost



Our method (w/ and w/o human) steadily improves while baselines (CAAFE, OCTree) plateau. 50 iterations, MLP
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Performance Trajectories Over Iterations
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Computational Scalability

8.4



3 conditions:

● Control
Human instructs LLM

● SR: 
LLM auto-queries human

● ALG (Ours)
Selective elicitation

ALG (Ours) achieves:

❖ Higher performance (𝑝 = 0.001)
❖ Faster completion (𝑝 < 0.001) 
❖ Lower cognitive load (𝑝 < 0.001) 
❖ Higher satisfaction (𝑝 = 0.072)
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Task: Flight Satisfaction Prediction

User Study: 31 ML Practitioners



1. Decouple LLM feature proposal from principled Bayesian selection 
with BNN surrogate

2. Selective human preference feedback with theoretical guarantees

3. Consistent improvement across 18 datasets and 4 backbone LLMs

4. Real user study validates better performance, faster completion, 
lower cognitive load

Thank you!
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Summary
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