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Problems & Ideas

e Existing research lacks a summary of LLM-based table

reasoning works:

— Which techniques can improve table reasoning in the era of LLMs?

— How to enhance table reasoning abilities in the future?

* Ideas: We analyze the mainstream techniques used to
improve table reasoning in the LLM era and discuss the
potential future directions of table reasoning.
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The illustration of various table reasoning tasks.

15 T T

—— Instruction Design
In-Context Learning
Supervised Fine-Tuning

100 Result Ensemble

Step-by-Step Reasoning

/
/
/
/
/
/—/—/

0 22.‘10 23“01 23‘.04 23‘.07 23.10 24.01
Month

In the LLM era, the trend in research on the table

reasoning task has evolved over several months.

#Paper denotes the number of papers.
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Main Contributions

e Contributions:

— We introduce the mainstream techniques used for table reasoning in
the LLM era: supervised fine-tuning, result ensemble, in-context
learning, instruction design, and step-by-step reasoning;

— We analyze how to further improve table reasoning performance from
the aspect of these mainstream techniques.

Mainstreant Techfiques Supervised Fine-Tuning — e.g. TableLlama [4]: APEL [5]
Following pre-LLMs §3.1 .
Result Ensemble — e.g. SQL-Prompt [6]; Lever [7]:
In-context Learning — e.g. ODIS [8]; DAIL-SQL [9]
Mainstream Techniques S - T
unique to LLMs §3.2 —+ Instruction Design e.g. DATER [10]; Binder [11]
What Techniques Can : g
Step-by-Step Reas g — e.g. MURMUR [12]; Chain-of-Table [13
Improve Table Reasoning | A i o= HRMER L2 Chai el Hbiat L]
E:"r‘tgl;mzmce it LM Multi-Modal Table Reasoning — e.g. ChartVLM [14]
Expanding Application §3.3 —t Multi-Turn Table Reasoning —e.g. QDA-SQL [15]
o0 Retrieval -Augmented Table Reasoning — e.g. Knowledge-t0-SQL [16]
3 | | Why LLMs Excel at A[Why are LLMs proficient at Structure Understanding
« Table Reasoning §3.4
2 jc:Reasoning 3 Why LLMs Perform Well in Schema Linking
5]
Supervised Fine-Tuning §4.1 — Establishing Diverse Training Data
Result Ensemble §4.2 — Sampling Results More Efficiently

How to Enhance
Table Reasoning Ability — In-context Learning §4.3 — Optimizing Prompts Automatically
in the Future §4

Instruction Design §4.4 — Automatically Refining Design with Verification
Step-by-Step Reasoning §4.5 — Mitigating the Error Cascade in Multi-Step Reasoning

The structure overview of our paper, taking the most representative works as an example.



