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Motivation
Limited LLM Input size for Multi-table processing
• Multi-table processing requires integrating information from 

multiple tables
• Only a portion of the data can be processed when inputting 

actual databases

Lack of table structure understanding in LLMs
• Existing LLM training is primarily based on text data.
• Text is sequential and order-dependent, while tables are 

bi-directional and order-independent.

Methodology
Let’s efficiently extract the relationships among multi-tables and deliver them to the LLM in a form it can easily understand.

ü LLMs cannot process the full scale of large multi-table data

ü LLMs struggle to understand table structures as effectively as text.

Therefore, to enable effective multi-table reasoning, the information needs 

to be transformed into a text form that LLMs can efficiently interpret.è

LLM process with GRIT
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❶ Efficient table relationship discovery via hashing
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❷ Schema-guided prompt design2

Efficient table relationship discovery via hashing1
1.  Primary key detection
• Use HyperLogLog (HLL) to approximate distinct counts efficiently in large-scale tables

To avoid false matches, combine multiple signals:

1)  Containment score
• Use Bloom Filter for efficient membership testing

2)  Cardinality ratio: unique(FK) / unique(PK)
• Use HyperLogLog to count uniqueness efficiently.

3)  Name similarity: token overlap between column names

2.  Foreign key detection

Schema-guided prompt design2
• Provide only table headers with schema

• Explicitly encode PK–FK relationships discovered by GRIT

• Transform schema into LLM-friendly textual representation

Join Key columns
Transactions_1k.CustomerID, Yearmonth.CustomerID,
Transactions_1k.GasStationID, Gasstations.GasStationID

Query Key columns
Yearmonth.Date, Yearmonth.Consumption, 
Yearmonth.CustomerID
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Join Key columns
Yearmonth.CustomerID, Customers.CustomerID

Query Key columns
Customers.Currency, Yearmonth.Date, 
Yearmonth.Consumption
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Memory consumption comparison between Jaccard-join and GRIT

Performance comparison of LLMs in table-column retrieval

Experiment

Performance in text-to-SQL task

Detection performance of PK and FK

Conclusion

• Proposed GRIT, a lightweight hashing-based 
method for efficient PK–FK detection and sch-
ema extraction

• Achieves higher accuracy in multi-table rea-
soning while drastically reducing time and 
memory costs

• Provides LLM-interpretable prompts that im-
prove table-column retrieval and text-to-SQL 
performance across diverse models
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