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● PostDoctoral Researcher in TRL Lab, CWI Amsterdam, working 
on Agentic Data Science.

● I had background in Knowledge Graph Construction from 
textual data, and Data Wrangling with LLMs.

● Now I focus on how can we (effectively) integrate knowledge 
into Data Science Agents?

Who am I?
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Data Preparation is Time-consuming 

● Data preparation accounts for about 80% of the work for 
data scientists.

CrowdFlower. Data Science Report; CrowdFlower: San Francisco, CA, USA, 2016
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Data Preparation is Unsatisfying 

● 76% of data scientists view data preparation as their least 
enjoyable part of work.

CrowdFlower. Data Science Report; CrowdFlower: San Francisco, CA, USA, 2016
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Many Companies are Building Platforms 

Unstructured.io
datologyai
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Many researchers are working on using LLMs for Data Prep

● Prompting based data wrangling.

7



Data cleaning pipelines powered by LLMs

Can Foundation Models Help Wrangle Data? Narayan et al. VLDB 23.

It performs LLM on a per-row basis (LLMPR).

LLMs YES

Hospital

1 medixal xenter 

Input table
Is there an error in Hospital?

Hospital: flowers hospital? No
Hospital: regionxl hospital? Yes

Hospital: medixal xenter?
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https://arxiv.org/abs/2205.09911


Challenges

● Expensive when doing back and forth wrangling.
○ Both time and money

● Transparency, privacy, reproducibility … 
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Many researchers are working on using LLMs for Data Prep

● Prompting based data wrangling. ● Fine-tuning based data wrangling.

10



Fine-tuning based data wrangling

Task-specific 
labeled data

or

Towards Parameter-Efficient Automation of Data Wrangling Tasks with Prefix-Tuning. Vos et al. TRL’22.

Inference on 
fine-tuned tasks
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Challenges

● Disadvantages of automatable alternatives such as fully fine-tuning a 
model per customer   
○ High storage costs (for copies of model parameters)   
○ High computational costs (for model training)
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Methods Space High zero-shot 
ability

Low zero-shot 
ability (Re-train for new task 

/ domain)

(One model for 
many tasks)

Low costs High costs

(Bigger models / more 
API calls)

(Smaller models / less 
API calls)
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Methods Space High zero-shot 
ability

Low zero-shot 
ability

LLMPR

Fine-tuned 
models

Parameter-efficient / low 
compute methods

Low costs High costs
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New directions of efficient use of LLMs for Data Prep

In today’s talk:

● TableSwift: Using LLM to generate code for data wrangling [1].
● AnyMatch: Fine-tuned small models preserving generalizability [2].

[2]Zhang et al., “AnyMatch -- Efficient Zero-Shot Entity Matching with a Small Language Model ”, arxiv 2024

[1] Li et al., “TableSwift: Efficient Data Wrangling with Large Language Models using Code Generation”, under review.
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New directions of efficient use of LLMs for Data Prep

In today’s talk:

● TableSwift: Using LLM to generate code for data wrangling [1].
● AnyMatch: Fine-tuned small models preserving generalizability [2].

[2]Zhang et al., “AnyMatch -- Efficient Zero-Shot Entity Matching with a Small Language Model ”, arxiv 2024

[1] Xue Li, Till Doehmen, Jan-Christoph Kalo, Paul Groth, , “TableSwift: Efficient Data Wrangling with Large 
Language Models using Code Generation”, under review.
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Data Wrangling tasks

Data Imputation

Celsius Fahrenheit 
1 7

Error Detection Data Transformation

Phone City
1 212/582-7200 NYC

Phone City
1 212/582-7200

Entity Matching

Hospital Error?
1 medixal xenter

Hospital Error?
1 medixal xenter Yes

Celsius Fahrenheit 
1 7 44.6

Beer_Name BV 
1 IJwit IPA 6.50 %

Beer_Name BV 
1 IJwit IPA 0.50 %

same?

No
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LLMPR is expensive, how can we utilize LLMs more strategically?

→ we use LLMs to generate code to wrangle your data.
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Code Generation Workflow

Sampling k

Labelled Data

Prompt Formulation

Generate code that’s called 
“transform(input_str)” given instruction 
and input-output examples. Reason 
first and then generate. 
Instruction: Convert celsius to fahrenheit.
Examples: Input:7 Out: 44.6

Celsius Fahrenheit 
1 7 44.6
2 1 33.8
n … …

In-context  
Learning

Re-prompt with 
error message

N trials

Generated code

LLMs
GPT-4 
function calling

Code validation

1. Is_Executable?

2. Acc/F1 score > threshold on 
demonstration? 

Import re
def string_transformation(input):
…

Generated code ranking

Acc/F1

Rank the programs and omit the 
highest ranked program.

Import re
def string_transformation(input):
…

Code

K = (3, 10) 
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Code Generation Results
Entity Matching, Data Imputation, Error Detection Data Transformation

● Evaluate based on rows. 
● A single generated program can only solve a 

part of the dataset.

76.9

● Evaluate based on tasks.
● Improved performance for some 

datasets compare to the previous SOTA. 

37.6
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Code Generation Results with Different Models

● Bigger models have better results,

21

● but the relationship is not linear. 

● Python code generation works 
better.



What is failing?

Task: Standardizing Date Format to YYYY-MM-DD

Raw Date String Solvable by Current Code Snippet?  Transformed Output

“2025/01/15” ✔ 2025-01-15
“2025/01/14” ✔ 2025-01-14
“2024/06/07” ✔ 2024-06-07
“Feb 15 2025” ❌(routed to LLMPR) 2025-02-15
“15th of January, 2025” ❌(routed to LLMPR) 2025–1-15

Generated  
Code  
Solution
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What is failing?

Task: Standardizing Date Format to YYYY-MM-DD

Raw Date String Solvable by Current Code Snippet?  Transformed Output

“2025/01/15” ✔ 2025-01-15
“2025/01/14” ✔ 2025-01-14
“2024/06/07” ✔ 2024-06-07
“Feb 15 2025” ❌(routed to LLMPR) 2025-02-15
“15th of January, 2025” ❌(routed to LLMPR) 2025–1-15

Generated  
Code  
Solution A hybrid method that includes a dynamic 

routing mechanism will help to balance 
cost and accuracy.
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Overview of TableSwift

Solvable 
Rows

Task

Data

Code Generation Framework

Eval data 
with labels

Task solving 
Code

Not solvable 
Rows

Transformed 
Data

Data 
Router

Fallback/LLMPR

24

Transformed 
Data



Overview of TableSwift
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Solvable 
Rows

Task

Data

Code Generation Framework

Eval data 
with labels

Task solving 
Code

Not solvable 
Rows

Transformed 
Data

Data 
Router

Fallback/LLMPR Transformed 
Data



How does TableSwift perform?

Data Transformation

● With the data router, TableSwift have 
achieved the highest average 
performance, by ~16 points.
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● Data router improves performance in 
general.



How does TableSwift perform?

ED, DI and EM

● Data router improves the performance on almost all datasets.
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● Still space for improvements on these tasks, comparing to LLMPR.



How does TableSwift perform in terms of costs?

● Most of the time, TableSwift uses 
only a fraction of costs of LLMPR.

● For some tasks, TS hurts accuracy 
(but save costs).

● Presenting signals for task 
selection.

Empirical costs plot. 28



Conclusion

● TableSwift strategically utilizes LLMs, achieving comparable or even better 
performance while saving costs.

● On data transformation tasks, TableSwift achieves the new state-of-the-art.
● Our work presents exciting trade-off between efficiency and accuracy on 

tasks like Entity Matching.
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Methods Space High zero-shot 
ability

Low zero-shot 
ability

LLMPR

Fine-tuned 
models

Low costs High costs
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TableSwift

(Less API calls)TableSwift saves costs by having less API calls, but it still uses 
big models. Is it possible to use smaller language models but still 
have high zero-shot ability?



New directions of efficient use of LLMs for Data Prep

In today’s talk:

● TableSwift: Using LLM to generate code for data wrangling [1].
● AnyMatch: Fine-tuned small models preserving generalizability [2].

[1] Li et al., “TableSwift: Efficient Data Wrangling with Large Language Models using Code Generation”, under review.

[2] Zeyu Zhang, Paul Groth, Iacer Calixto, Sebastian Schelter, “AnyMatch -- Efficient Zero-Shot Entity Matching with a 
Small Language Model ”, arxiv 2024
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Zero-Shot Entity Matching 

32

● Entity Matching (EM) is a long-standing problem 
with many challenges:
○ Data heterogeneity
○ Ambiguity and context
○ Scalability issue

● Zero-Shot EM is more common in the wild but often 
neglected:
○ No meta-data provided
○ No prior knowledge on the target datasets
○ e.g. in the cloud setting



Zero-Shot Entity Matching with Large and Small Language Models

Zhang et al., “AnyMatch -- Efficient Zero-Shot Entity Matching with a Small Language Model ”, arxiv 2024

To achieve high zero-shot ability, diversifying data samples are more important than having more data 
samples for small LMs.
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Evaluation Framework

Zhang et al., “AnyMatch -- Efficient Zero-Shot Entity Matching with a Small Language Model ”, arxiv 2024
34

● Nine Tabular Datasets across two open 
Benchmarks included  

○ Various domains  
○ Different number of attributes  
○ Dataset size ranging from hundreds to 

tens of thousands

● Measure both the predictive quality and inference cost 
○ Predictive quality --  F1 score on the test set, test size down-sampled due to the 

high cost of prompting large language models
○ Inference cost – Use the API cost or hardware rent cost as a proxy to evaluate



Evaluation Framework
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● Leave-One-Dataset-Out evaluation



Results
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Fine-tuned small language models can achieve on-par or even better 
performance than prompted large language models. 

Training-based 
methods

Prompting-based 
methods



Inference costs
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Compute throughput in tokens/s on a machine with 4xA100 (40GB) GPUs for 
different open-weight LLMs employed by various EM approaches 



Inference costs
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Estimate the deployment cost per 1K tokens for EM with proprietary models and 
open-sourced models



Methods Space High zero-shot 
ability

Low zero-shot 
ability

LLMPR

Fine-tuned 
models

Low costs High costs
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TableSwift

(Less API calls)

AnyMatch

(Less model 
parameters)



Conclusions

 
● Using larger LLMs strategically can help balance cost performance 

trade-offs (TableSwift) .
● Specialized smaller models fine-tuned with diverse samples can 

achieve good zero-shot ability on the task (AnyMatch).
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Lessons learned and future research

● Knowledge-enriched data preparation.
○ Domain-specific vocabulary.
○ Internal definitions of columns and relations between columns.
○ …

● Better table representations (than just putting them in a sequence as 
contexts).
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