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Introduction

• Table are widely used to manage data and facilitate data analysis.
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Motivation

• Q1: What input designs and 
choices are most effective in 
enabling LLMs to understand 
tables?

• Q2: Do LLMs have the 
structural understanding 
capabilities and what extent do 
LLMs already have achieved in 
understanding structured data?
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Benchmark: SUC

(1) tabular dataset are always paried with 
knowledge from other sources to 
provide more context (e.g., passage, 
images, human annotations, etc.)

(2) various table storage formats, (including 
csv, json, xml, html, xlsx, etc.) represent 
different levels of challenges for LLMs 
to understand the table content.

(3) the ability to accurately search and 
retrieve information from specific 
positions within structured data is 
crucial for LLMs. The capability is highly 
relevant to the downstream tasks.

• Q1: Do LLMs have the structural understanding capabilities and what extent do LLMs already 
have achieved in understanding structured data?
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Benchmark: SUC
• Q2: What input designs and choices are most effective in enabling LLMs to understand tables?
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Benchmark: SUC
• Q2: What input designs and choices are most effective in enabling LLMs to understand tables?

You are a brilliant table executor with the capabilities of table partition, table parsing, table 
search/retrieval, and table operation/manipulation. You can solve any tasks related to table.

<title> United States House of Representatives Elections, 1972
<context> NA
<caption> District, Incumbent and Candidates Collection
<HTML grammar>
 Each table cell is defined by a <td> and a </td> tag. Each table row starts with a <tr> and ends 
with a </tr> tag. th stands for table header.
<table border="1" class="dataframe">
  <thead> <tr style="text-align: right;"><th></th><th>Atlantic 
Division</th><th>Home</th><th>Road</th><th>Div</th></tr></thead>
  <tbody><tr><th>0</th> <td>y-Philadelphia 76ers</td><td>29–12</td><td>27–
14</td><td>18–6</td></tr></tr></tbody>
</table>
<request>
What is the position of the cell value 30? Use row index and column index to answer, e.g., 2 | 3)
The answer is 

Role Prompting

Order 
Permutation: 
put external text 
ahead of tables.Pa

rt
iti

on
 M

ar
k

Format Explanation

PROMPT DESIGN
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Benchmark: SUC
• Q2: What input designs and choices are most effective in enabling LLMs to understand tables?

Input Designs for Structural Understanding Capabilities Evaluation 7



Experiment Settings

• Models. GPT-3.5 and GPT-4. (close-sourced model); Llama-7b, 13b, PaLM-2 (open-
sourced models, TBD) 

• Downstream Tasks and Datasets. In addition to evaluate LLMs’ capabilities towards 
understanding structured data through our benchmark. We also conduct experiments on five 
typical tabular downstream tasks: SQA, HybridQA, ToTTo, Feverous, TabFact.

• Data Collection and Reformatting of SUC.
• only consider the structural portions of the original 

datasets, which are labeled with “table”, “rows”, or 
“headers”, exclude other parts, “ID”, “Answer”.

• to identify a specific value within the structured data, we 
append each parsed sample with a unique question. e.g., 
“How many rows in the table? How many columns in the 
table?” Each question is accompanied by a set of reference 
answers ("groundtruth") sourced from the original 
datasets. 

• we evaluate these questions using Text-Davinci-03 and 
manually eliminate any question that the model 
consistently answers correctly when multiple random 
samples are generated at a nonzero temperature.
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Experiments: Benchmark

Highlights:
• LLMs achieves the highest overall accuracy 65.43% overall seven tasks when using HTML, 

indicating that LLM has significant potential for understanding the structural information of tables 
in this specific format.

• Compared to the commonly used format “NL+Sep”, hierarchy structure is essential. This may be 
due to the language models being fine-tuned on code and the training data containing substantial 
amounts of web data, while most tabular data is sourced from web pages such as Wikipedia.
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Experiments: Benchmark

Highlights:
• External information should appear ahead of tables. 
• Partition mark. & format explanation may undermine Search & Retrieval capability.

Based on the highlights, guidelines are proposed to answer the questions: 
• LLMs have basic structural understanding capabilities, but far from perfect, even for some 

trivial tasks, e.g., table size detection; 
• Correctly choosing the combination of input designs is a potential factor in improving the 

performance of LLMs over structured data. 
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Experiments: Downstream Tasks

Observations on downstream 
tasks are the same!
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Method: Self-augmented Prompting

Choice Prompt Design
self format 
explanation

Generate short format specification and 
description of the last {data_type} within five 
sentences.

self key range 
and values 

identification

Identify critical values and ranges of the last 
{data_type} related to the {context_type} within 
five sentences

self structural 
information 
description

Describe structural information, patterns and 
statistics of the last {data_type} related to the 
{context_type} within five sentences.

• use self-augmented prompt to ask LLM to generate additional knowledge (intermediate output) about this table; 
• add the self-augmented response to form the second prompt to ask for final answer of a downstream task. 
• the LLM can tell some important values in the table which help itself generate a better answer for the 

downstream task.
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Wrapup

• In this work, we propose a benchmark to compare various input designs in 
order to study the structural understanding capabilities of LLMs on tables.
• Suprisingly, we obtain some insights of the input designs and the 

comparison reveal that LLMs have the basic capabilities towards 
understanding structural information of tables. 
• We also give some guidance on how to apply our benchmark insights on 

downstream tasks and propose a simple, generic but effective method, i.e., 
self-augmented prompting, by generating additional knowledge with LLMs 
self-knowledge. 
• We believe this study will be beneficial for table-based, even structured data 

based research, or serve as a auxiliary tool to help better understand the 
table(s) from structural perspectives. 
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