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Introducing Data Ingestion
Data ingestion: a process that encompasses the extraction, 
loading, and transformation of data.
• Applications:
• Integrating multiple tables to form a database
• Adding a new table to an existing database

4

add table



Motivation: Inhomogeneous Schemas
Schemas (or attribute names) may differ among different tables 
used among different users.

9

num_employees mailing_address_city business_phone

10 Pohang 010-1234-5678

7 Gyeongju 010-2345-6789

id #employees phone#
1 20 010-1111-2222

2 22 010-3333-4444

3 8 010-5555-6666

id postal# store_city
1 35712 Seoul

2 71245 Jeonju

3 18496 Incheon

< Table to be added >

Store Info

Store Contact Info

Store Geo Info

The attributes that share the same semantic,
but with different names should be found!



Description of Schema Matching

1
0

Schema matching: The problem of matching attributes of a table to  
attributes among a set of tables.
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Notations
•  
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An example of an attribute

An icon for
 a schema

An icon for
an attribute



Schema Matching
•  
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LSM: Prior Schema Matching Work
•  
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Contributions
• We address the automated schema matching problem within the 

context of data privacy, employing a novel perspective that 
incorporates zero-shot and few-shot predictions.

• Our solution seamlessly integrates the recent surge in large 
language models. We conduct a comprehensive benchmarking 
exercise across various open-source and proprietary LLMs to assess 
their performance.

• Introducing a dynamic prompt selection method based on input 
characteristics, our approach not only enhances inference speed but 
also augments the in-context learning accuracy of LLMs.
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Contributions (Cont.)
• Beyond the conventional scope of schema matching, our solution 

incorporates object type detection and unique key detection. These 
additional components transform the standalone schema matching 
module into a more feature-complete data-table ingestion service.

• We rigorously benchmark the accuracy of our methodology against 
relevant approaches using both public and production-quality, 
synthetic datasets. Particularly noteworthy is the utilization of 
datasets designed to mirror realistic workloads in various industrial 
applications.
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Global Example
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user_id gender tel contact

JE92K M 193019120 Amazon.com Inc.

OF29S F 192928919 null

 

source schema



GRAM Overview
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Object Type Detector
• Narrow down the candidate attributes using grouping criteria. 
• Classify each column name into predefined group labels using BERT-

based multi-class classifier.

22user_id gender tel contact

<s> user_id [SEP] gender [SEP] tel [SEP] contact </s>

PERSON PERSON PROFILE PROFILE



GRAM Overview (Revisited)
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Reducing the Problem to Attribute Mapping
• How to treat each attribute
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• Prompt example + Problems

25



• Lower level architecture
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• NER-based destination filter
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• Double-RAG filter
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GRAM Overview (Revisited)
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Key Detector
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Mapped attributes
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Candidate key set

• Postprocessor for the attribute mapper
• Role: Find keys among source attributes.
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Objectives of Evaluation
•  
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Experimental Settings
• Competitors: LSM, LSD, CUPID, COMA 3.0
• Datasets
• Personal Contacts: 1400 columns
• Sales: 400 columns
• Products: 200 columns
• Issue Tickes: 330 columns

• Used models
• LLM: FLAN-T5 model

• Hardware settings
• 4x Nvidia A10 GPUs, 24 CPU cores, 192GB memory
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Ablation Study

• GRAM outperforms all existing algorithms in terms of accuracy,  
with 17% increase on average compared to SOTA.
• Embedding-based cosine similarity complements lexical similarity 

metrics.
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Ablation Study

• Imposing one or both of the filters show increase in accuracy.
• The authors explain this as removal of hard negatives given to LLM.

• Imposing both filters show about 80% increase in matching 
throughput.
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Parameter Sensitivity
•  
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LLM-Size Sensitivity

• Consistent increase in accuracy as the number of model 
parameter increases.

37



My Thoughts about This Paper
• May adopt the idea of prompt shortening for efficiency in our 

research
• Insufficient reasoning for each decision
• Insufficient analysis on experiment results
• Reasons for some tendencies (e.g., decrease in k-shot example) are not 

given.
• Poor writing
• Methodology is presented in a bottom-up manner.
• Examples do not align the text.
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