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Abstract

In this paper, we investigate the effectiveness001
of various LLMs in interpreting tabular data002
through different prompting strategies and data003
formats. Our analysis extends across six bench-004
marks for table-related tasks such as question-005
answering and fact-checking. We introduce006
for the first time the assessment of LLMs’007
performance on image-based table representa-008
tions. Specifically, we compare five text-based009
and three image-based table representations,010
demonstrating the influence of representation011
and prompting on LLM performance. Our012
study provides insights into the effective use of013
LLMs on table-related tasks.014

1 Introduction015

Recent years have witnessed an explosion of Large016

Language Models (LLMs), with impressive perfor-017

mances on various Natural Language Processing018

(NLP) tasks (Brown et al., 2020; Touvron et al.,019

2023; Team et al., 2023). Research to date has020

examined the performance of LLMs for various021

aspects and abilities (Bang et al., 2023b; Bubeck022

et al., 2023; Akter et al., 2023), but their effec-023

tiveness on structured data such as tables is less024

explored.025

Unlike unstructured text, tables are systemat-026

ically organized structures of a large amount of027

information. This characteristic makes tabular028

data serve as the foundations for numerous ap-029

plications, including medical diagnostics, virtual030

personal assistants, customer relationship manage-031

ment (Hemphill et al., 1990; Dahl et al., 1994;032

Akhtar et al., 2022; Xie et al., 2022), etc.033

The evaluation of LLMs on processing tabular034

data involves many challenges. First, there are035

many ways to represent the information in tables.036

If we represent the table in pure text, we may use037

*Contributed equally to this work.

naive linearization or insert brackets to better rep- 038

resent table structures. Meanwhile, emerging mul- 039

timodal LLMs like GPT-4 (Achiam et al., 2023) 040

and Gemini (Team et al., 2023) offer image-based 041

approaches, where we can pass the table as im- 042

ages to the LLMs. In such cases, visual cues like 043

color highlighting in tables can influence outcomes. 044

Second, diverse prompting methods for text may 045

also apply to tabular data, which can yield varied 046

results (Wei et al., 2022). Furthermore, the tasks 047

involving tabular data are diverse, including table 048

fact-checking (Chen et al., 2019) and table question 049

answering (Pasupat and Liang, 2015), and table-to- 050

text generation (Novikova et al., 2017), etc. 051

In this paper, we systematically evaluate model 052

performance on tabular data for both textual LLMs 053

and multi-modal LLMs. Specifically, we investi- 054

gate several research questions, including the ef- 055

fectiveness of image-based representation of tab- 056

ular data and how different text-based or image- 057

based prompt methods affect LLMs’ performance 058

on table-related tasks. Our findings include: 059

• LLMs maintain decent performance when we 060

use image-based table representations. Some- 061

times, image-based table representations can 062

make LLMs perform better. 063

• There are nuances in the prompting design for 064

table-related tasks, revealed by our comparisons 065

of various prompting methods for text- and 066

image-based table representations. 067

To the best of our knowledge, we are the first to 068

study how LLMs perform with image-based table 069

representations. We believe this paper draws new 070

insights into optimizing table-based information 071

processing. 072

2 Related Work 073

Table-Related Tasks. Tasks involving structured 074

data have attracted interest in various tasks from 075
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Text-Based

Student ID, Name, Major, 123, 
Peter, CS, 124, Mary, Math

Student ID, Name, Major, 
[ROW1], 123, Peter, CS, 
[ROW2], 124, Mary, Math

Vanilla-T

Row-Identifier

[[Student ID, Name, Major], 
[123, Peter, CS], [124, Mary, 
Math]]

Bracket

{Student ID: [123, 124], Name: 
[Peter, Mary], Major: [CS, 
Math]}

Column-JSON

[{row: 0, StudentID: 123, Name: 
Peter, Major: CS}, {row: 1, 
StudentID: 124, Name: Mary, 
Major: Math}]

Row-JSON

Image-Based

Vanilla-V

Column-Color

Row-Color

StudentID Name Major

123 Peter CS

124 Mary Math

StudentID Name Major

123 Peter CS

124 Mary Math

StudentID Name Major

123 Peter CS

124 Mary Math

OR +

Task Specific Prompt
TableQA

Table-to-text

Table Fact Checking

Question: What is the major of the student 
with Student ID 123 in College of Engineering? 
Context: The title of the table is "Student 
Records in CoE"

Question: Please write a sentence to describe 
the table.
Context: The title of the table is "Student 
Records in CoE" 

Question: Please check whether the following 
statements are supported by the table.
Context: The title of the table is "Student 
Records in CoE" 
Statements: The major of the student with ID 
123 is Data Science.

LLM

Output
TableQA

Table-to-text

Table Fact Checking

Answer: The major of 
the student with Student 
ID 123 in College of 
Engineering is CS.

Answer: The table lists 
two students, Peter who 
majors in Computer 
Science and Mary in 
Mathematics, with their 
respective Student IDs 
123 and 124.

Answer: False

Figure 1: Concept diagram. In this paper, we study differences in table representations. For each example, we
prompt LLMs with the question and the context information, as well as one of the table representations.

diverse communities (Deng et al., 2020; Chen et al.,076

2021a, 2022; Deng et al., 2022), among which there077

is a huge focus on tabular data (Yin et al., 2020;078

Herzig et al., 2020).079

Researchers have investigated various ways to080

encode tabular data. Hwang et al. (2019); Liu081

et al. (2021) linearize the table content. Others082

employ model-specific techniques such as adapting083

the attention mechanism to better align transformer-084

based models with the tabular data (Zhang et al.,085

2020; Yang et al., 2022) or designing hierarchical086

encoding to capture the table structure (Wang et al.,087

2021), fine-tuning LLMs on tabular data (Zha et al.,088

2023), etc. In contrast, our work focuses on ex-089

ploring various table representations and prompts090

LLMs directly.091

Prompting LLMs. Researchers have prompted092

LLMs to evaluate LLMs’ performance on tradi-093

tional NLP tasks (Bang et al., 2023a) as well as on094

various complex reasoning tasks (Jin et al., 2022;095

Wu et al., 2023). On the contrary, to the best of our096

knowledge, few works have prompted these LLMs097

on tasks involving tabular data.098

For closed-source LLMs, researchers adopt hard099

prompts to manually craft text prompts with dis-100

crete tokens (Qiao et al., 2022; Bahng et al., 2022;101

Liu et al., 2023). Wei et al. (2022) develop chain-102

of-though prompting, Xu et al. (2023a) develop103

expert prompting. In our work, we include the104

comparison between vanilla, chain-of-thought, and105

expert prompting for LLMs on table-related tasks.106

3 Experiment Setups107

3.1 Experimented LLMs108

Table 1 describes the LLMs we use for our experi-109

ments. We use closed-source models such as GPT-110

3.5 and GPT-4 (Brown et al., 2020; Ouyang et al.,111

Models # P(B) / +V? Company

LLaMa-2 7/13/70 Meta
GPT-3.5 – OpenAI
GPT-4 – OpenAI
Geminipro – Google

Table 1: Comparison of LLMs used in our experiments.
“# P” represents the number of parameters in billions (B).
Note that we do not include the number of parameters
for the closed-source models as there are no official doc-
uments revealing this information. “ / ” indicates
whether the LLM is open-source ( ) or closed-source (

). “+V?” indicates whether the visual input is allowed
for the LLM. “Company” indicates which company the
LLM is from.

2022), and Gemini (Team et al., 2023). We note 112

that GPT-4 and Gemini are multimodal models, 113

which can take tables as images. For open-source 114

models, we use the chat models from LLaMa-2 115

(Touvron et al., 2023) families from the 7 billion to 116

the 70 billion parameter version as they are claimed 117

to perform on par with closed-source models like 118

ChatGPT.* 119

3.2 Prompting Strategies 120

We explore two ways to represent tables in the 121

prompt, Text-Based and Image-Based. 122

Text-Based. Apart from the information con- 123

tained in the cells of tables, the structure of the 124

table maintains information such as what cell val- 125

ues are in the same row or column, and what cell 126

values correspond to a particular column. There- 127

fore, we explore various ways to incorporate such 128

structure information into the text prompt. 129

• Vanilla-T lists column names followed by cell 130

values in each row sequentially, an approach 131

*https://huggingface.co/meta-llama/Llama-2-70b-chat
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Method Name Table Representation

Vanilla-T
c1, c2, · · · , cn, v(1,1), v(1,2), · · · , v(1,n), v(2,1), v(2,2), 
· · · , v(2,n), · · · , v(m,1), v(m,2), · · · , v(m,n).

Row-Identifier
c1, c2, · · · , cn, [ROW1] v(1,1), v(1,2), · · · , v(1,n), 
[ROW2] v(2,1), v(2,2), · · · , v(2,n), · · · , [ROWm] 
v(m,1), v(m,2), · · · , v(m,n).

Bracket 
[ [c1, c2, · · · , cn], [v(1,1), v(1,2), · · · , v(1,n)], [v(2,1), 
v(2,2), · · · , v(2,n)], · · · , [v(m,1), v(m,2), · · · , v(m,n)]].

Column-JSON
{ c1: [v(1,1), v(2,1), · · · , v(m,1)], c2: [v(1,2), v(2,2), · · · 
, v(m,2)], · · · , cn: [v(1,n), v(2,n), · · · , v(m,n)] }.

Row-JSON
[{ Row: 1, c1: v(1,1), c2: v(1,2), · · · , cn: v(1,n)}, { Row: 2, 
c1: v(2,1), c2: v(2,2), · · · , cn: v(2,n) }, · · · , { Row: m, c1: 
v(m,1), c2: v(m,2), · · · , cn: v(m,n) }].

Table 2: Text-based table representation examples. We
construct the examples assuming a table of m rows
and n columns, where ci denotes the column name of
column i and v(i,j) denotes the cell value at row i and
column j. We use colored text to indicate different rows
in the table to assist readers.

c1 c2 … cn
v(1,1) v(1,2) … v(1,n)
v(2,1) v(2,2) … v(2,n)

...
v(m,1) v(m,2) … v(m,n)

c1 c2 … cn
v(1,1) v(1,2) … v(1,n)
v(2,1) v(2,2) … v(2,n)

...
v(m,1) v(m,2) … v(m,n)

c1 c2 … cn
v(1,1) v(1,2) … v(1,n)
v(2,1) v(2,2) … v(2,n)

...
v(m,1) v(m,2) … v(m,n)

Vanilla-V Column-Color Row-Color

Figure 2: Image-based table representation examples.
We construct these examples based on the same table
described in Table 2.

adopted in various prior works (Hwang et al.,132

2019; Liu et al., 2021).133

• Row-Identifier adds an identifier as the prefix134

for each row to distinguish different rows in the135

linearized table sequence.136

• Bracket encloses the column names and their137

values in brackets to distinguish each row.138

• Column-JSON represents the table in JSON139

format, where column names are the keys that140

map to the list of cell values corresponding to141

that column.142

• Row-JSON represents each row as a JSON ob-143

ject, within which the column names and their144

corresponding cell values are represented as key-145

value pairs.146

Table 2 shows examples of these text-based table147

representations.148

Image-Based. Alternatively, we can pass the ta- 149

ble as an image to the recent multimodal LLMs 150

such as GPT-4 and Gemini. In this way, LLMs 151

would “view” the table in a similar way as how 152

we human beings view the table. We explore vari- 153

ous table-highlighting methods as different visual 154

cues may influence the model outcomes as shown 155

by Shtedritski et al. (2023) who study how high- 156

lighting can influence CLIP model (Radford et al., 157

2021)’s performance on vision and language tasks. 158

We pass these images of the table to LLMs. 159

• Vanilla-V feeds the table image without any 160

colors or highlighting to LLMs. 161

• Column-Color uses a single color for each table 162

column. Therefore, the LLM may easily distin- 163

guish columns as cells in the same column are 164

annotated by the same color, whereas different 165

colors annotate cells from different columns. 166

• Row-Color uses a single color for each row in 167

the table. The same color annotates cells in the 168

same row, whereas different colors annotate cells 169

in different rows. 170

Figure 2 show examples for these image-based 171

table representations. 172

On top of different methods to represent tables, 173

we test the vanilla prompting, chain-of-thought 174

prompting (Wei et al., 2022), and expert prompting 175

(Xu et al., 2023a) by adding “let’s pretend you are 176

an expert in reading and understanding tables” to 177

the prompt. Appendix C provides an example for 178

each table representation and prompting method. 179

3.3 Datasets 180

We make use of six previously introduced datasets 181

that cover different table sources such as Wikipedia 182

and financial reports, examine model abilities such 183

as information extraction and arithmetic reasoning, 184

and cover table-related tasks such as table question 185

answering, table fact-checking, and table-to-text 186

generation. Table 3 provides information for each 187

dataset we use. Considering the limited access to 188

LLMs’ APIs and the scale of the comparison, we 189

randomly select 100 examples from the test set for 190

each of these datasets to conduct our analysis. 191

3.4 Metrics 192

Following Pasupat and Liang (2015); Chen et al. 193

(2019, 2020, 2021b), we compute accuracy scores 194

on WikiTQ, TabFact, LogicNLG, FinQA. 195
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Task Family Name Domain Input Output Metrics

Table QA WikiTQ (Pasupat and Liang, 2015) Wikipedia Table Text Acc
FinQA (Chen et al., 2021b) Finance Table + Text Text Acc

Table Fact Checking TabFact (Chen et al., 2019) Wikipedia Table Boolean Acc

Table-to-text
E2E (Novikova et al., 2017) Restaurants Table Text ROUGE, Human
ToTTo (Parikh et al., 2020) Wikipedia Table + Text Text ROUGE

LogicNLG (Chen et al., 2020) Wikipedia Table + Text Entity Acc

Table 3: Dataset descriptions. For Input, we refer to the input information other than the question, the statement for
fact-checking, or the statement that requires the model to describe the table content.

FinQA LogicNLG TabFact WikiTQ E2E Totto0

20

40

60

80

21.0 17.9

64.6

45.0
35.6

42.4
30.0 34.1

56.1

27.0
37.5

46.043.0
51.5

71.6 75.0

44.8 43.9
57.0

47.2
60.5 60.0

39.4 44.0
GMNpro(T)
GMNpro(V)
GPT-4 (T)
GPT-4 (V)

Figure 3: Performance comparison between passing the text versus image representations of tables to GPT-4 and
GeminiPro across FinQA, LogicNLG, TabFact, and WikiTQ by accuracy, and E2E and ToTTo by ROUGE-L scores.
We feed the linearized table (Vanilla-T) as the text-based representation, and the original table image (Vanilla-V) as
the image-based representation to these LLMs.

We adopt the automatic ROUGE evaluation for196

table-to-text generation datasets ToTTo and E2E.197

In addition, the authors manually investigate the198

generation quality on the E2E dataset by whether199

the generation encapsulates the table information200

without any additional information that cannot be201

inferred from the table.202

4 Research Questions203

Using the setup described previously, we can now204

seek answers to several research questions concern-205

ing the use of LLMs for tabular data.206

RQ1. Are image-based representations of207

tabular data effective?208

Test: We compare using the linearized table rep-209

resentation (Vanilla-T in text-based table represen-210

tation) and the table image (Vanilla-V in image-211

based table representation) as the input for both212

GPT-4 model and Geminipro. We use vanilla213

prompting in this comparison and plot Figure 3.214

We report the results for other prompting methods215

in Figures 9 and 10 in Appendix A.1.216

TL;DR Answer: Yes.217

Full Answer: Figure 3 shows that in most cases,218

LLMs perform comparably if we represent tables219

as images versus text. On datasets such as FinQA,220

passing image representation of tables to Geminipro221

and GPT-4 outperform passing text representations 222

of the tables significantly. As FinQA focuses on 223

financial question answering with long context and 224

many numerical relations, we hypothesize that rep- 225

resenting tables as images can help LLMs in com- 226

plex reasoning. Since these multimodal LLMs have 227

a strong capability over visual input (Yang et al., 228

2023), representing tables as images may reduce 229

the cognitive load for LLMs to parse and under- 230

stand dense text. This is especially beneficial when 231

the context involves long passages of text that may 232

also contain numerous numerical relations. As 233

shown in Figure 4, since the context is long (around 234

416 English words, approximately 556 tokens for 235

GPT models) and involves various numerical re- 236

lations, GPT-4 ignores the relevant clues in text 237

when we pass text representation of the table. In 238

contrast, when we pass the table image, GPT-4 can 239

effectively leverage information from both the text 240

and visual modality for its reasoning process. 241

On WikiTQ and TabFact, both Geminipro and 242

GPT-4 perform better with the text than the image 243

representation of the table significantly. We notice 244

that both datasets are sourced from Wikipedia and 245

the texts from Wikipedia are commonly used to 246

pre-train LLMs (Brown et al., 2020; Touvron et al., 247

2023). GPT-4 and Geminipro may have encoun- 248

tered these tables in their pre-training phase in the 249

text format rather than the image format, leading 250
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Cash $108

Other current assets 28

Intangible assets 216

… …

Question: What percentage of the intangible assets is 
related to the license of the realtor.com ae trademark?
Context: …the license of the realtor.com ae trademark , 
which has a fair value of approximately $116 million…

Gold: 0.53704
GPT-4 (T): The text does not provide information…
GPT-4 (V): …(Trademark value / Total intangible assets) * 
100 = ($116 million / $216 million) * 100 = 53.7037%

⨯
✓

Figure 4: An example from FinQA. We highlight the
relevant parts from the context and the table and omit
irrelevant parts to help readers. We feed the linearized
table (Vanilla-T) as the text-based representation (GPT-
4 (T)), and the original table image (Vanilla-V) as the
image-based representation to GPT-4 (GPT-4 (V)).

GPT GMNpro
LLaMa-2

3.5 4 7B 13B 70B

Vanilla-T
V 52.5 60.3 37.1 28.8 35.3 42.7
E 51.0 63.8 39.5 29.0 35.1 46.7

CoT 55.2 62.6 53.5 32.1 37.6 48.3

Brackt
V 50.9 60.1 38.4 28.4 36.6 42.2
E 47.9 62.8 39.5 28.1 34.5 45.8

CoT 51.4 61.9 57.3 34.2 39.3 50.0

Table 4: For text-based table representations, averaged
accuracy scores across FinQA, LogicNLG, TabFact,
and WikiTQ for different LLMs. “GMNpro” represents
Geminipro model, “V”, “E”, and “CoT” represent vanilla,
expert and chain-of-thought prompting, respectively.

to the performance disparity between text and im-251

age representation of tables for both Geminipro and252

GPT-4 on WikiTQ and TabFact.253

RQ2. How do different text-based prompt254

methods affect LLMs’ performance on255

table-related tasks?256

Test: We compare the five text-based table repre-257

sentations introduced in Section 3.2. On top of the258

five representations, we also compare how vanilla,259

chain-of-thought, and expert prompting affect the260

model performance. We conduct the comparison261

using all six LLMs in Section 3.1 and average their262

accuracy scores across FinQA, LogicNLG, Tab-263

Fact, and WikiTQ. Appendix A.2 reports LLMs’264

performance on E2E and ToTTo datasets.265

TL;DR Answer 2.1: Expert prompting works266

the best when the LLM is an “expert”.267

Full Answer 2.1: With respect to vanilla, CoT, 268

and expert prompting, for GPT-4, we note that ex- 269

pert prompting outperforms the other two prompt- 270

ing methods consistently. For instance, for the 271

vanilla linearized table representations (Vanilla-T), 272

expert prompting outperforms the CoT and the 273

vanilla prompting method by 1.2% and 3.5%, re- 274

spectively (Table 4). In contrast, CoT prompting 275

instead of expert prompting leads to the best per- 276

formance for all other models. For instance, for 277

GPT-3.5 with Vanilla-T table representation, CoT 278

prompting outperforms vanilla and expert prompt- 279

ing by 2.7% and 4.2% (Table 4). 280

On the other hand, GPT-4 outperforms all other 281

models, as the best average score GPT-4 achieves is 282

63.8%, compared to 55.2% by GPT-3.5 and 50.0% 283

by LLaMa-2-70B. We suspect that because of GPT- 284

4’s “expertise” on these tasks, expert prompting 285

can further enhance its reasoning ability as GPT-4 286

can “pretend they are an expert in reading and un- 287

derstanding tables”. In contrast, expert prompting 288

may not fit the less capable LLMs as they may not 289

“pretend an expert” well. 290

TL;DR Answer 2.2: CoT prompting can some- 291

times boost up the performance significantly. 292

Full Answer 2.2: We notice that CoT prompting 293

significantly improves Geminipro’s performance 294

from 38.4% to 57.3% using the bracket table rep- 295

resentation (Table 4), which outperforms the best 296

performance 55.2% by GPT-3.5. This suggests 297

that proper prompting can make a big difference 298

in LLMs’ performance and unleash the potential 299

within the LLM. On the other hand, it underscores 300

the complexity of LLMs’ evaluation and the im- 301

portance of prompt engineering, as we may un- 302

derestimate an LLMs’ performance because of an 303

improper prompt. 304

TL;DR Answer 2.3: Bracket representation can 305

help LLMs better understand tables. 306

Full Answer 2.3: Compared to linearizing tables 307

directly (Vanilla-T), adding brackets to distinguish 308

rows in the table boosts up model performances 309

for Geminipro and different versions of LLaMa-2 310

models (Table 4). 311

Figure 5 shows a WikiTQ example from 312

Geminipro, where the vanilla prompting fails to 313

count the number of “1st” place. We suspect that 314

the simple linearized table representation does not 315

have a clear boundary between rows, which may 316
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Year  Position

1986 … 1st

1987  1st

1991  6th

Question: How many times did Salvatore Bettiol win first place 
across competitions?

Gold: 2
Vanilla-T: three times.
Row-Identifier: 3 times.
Bracket: 2

⨯
✓

⨯

Figure 5: An example from WikiTQ. We use Geminipro
with vanilla prompting and show its prediction when we
use the linearized table representation (Vanilla-T), insert
“Row-Identifier” or “Bracket” in the representation.

GPT-4 Geminipro
V E CoT V E CoT

VV 56.2 54.9 57.8 36.8 37.2 46.0
CC 53.3 52.8 58.0 37.1 37.8 45.1
RC 51.8 51.6 60.2 39.4 38.7 46.2

Table 5: For image-based table representations, aver-
aged accuracy scores across FinQA, LogicNLG, Tab-
Fact, and WikiTQ for GPT-4 and Geminipro. For the
headers, “V”, “E”, and ”CoT” represent vanilla, expert,
and chain-of-thought prompting, respectively. For the
row names, “VV”, “CC’, and “RC” represent Vanilla-V,
Column-Color, and Row-Color, respectively.

lead to confusion or misinterpretation of data rela-317

tionships. In addition, adding the row identifier in318

the sequence does not help while the LLM answers319

correctly with the bracket representation. We con-320

jecture that LLMs may be familiar with brackets321

from their pre-training exposure. Since brackets are322

fundamental components of many programming323

languages, and Github which contains rich code324

is often used as a source for pre-training corpora325

(Touvron et al., 2023), LLMs may have acquired326

proficiency in recognizing and interpreting brack-327

eted structures.328

TL;DR Answer 2.4: Different table represen-329

tations do not affect the performance of GPT330

models much.331

Full Answer 2.4: Even without any sophisti-332

cated prompting methods, the GPT-3.5 and GPT-4333

achieve a decent performance (52.5% and 60.3%334

respectively using the vanilla prompting and lin-335

earized table representation from Table 4), demon-336

strating their strong table understanding abilities.337

In such cases, brackets or other kinds of table repre-338

sentations may add extra “workload” to the model,339

which dilutes the models’ attention to the original340

table content and thus leads to worse performance.341

Week  Score

4 … 34-6

5  38-12

6  45-0

10  30-9

Question: How many games did the team score at least 30 points?

Gold: 4
Vanilla-V: 3 games.
Row-Color: 4 games. ⨯✓

Figure 6: An example from WikiTQ. We use Geminipro
with vanilla prompting and show its prediction when we
use the original table image (Vanilla-V) and the table
image that uses different colors to distinguish rows in
the table (Row-Color).

RQ3. How do different image-based prompt 342

methods affect LLMs’ performance on 343

table-related tasks? 344

Test: We test the three image-based table rep- 345

resentations in Section 3.2 together with vanilla, 346

chain-of-thought, and expert prompting. We test 347

the Geminipro and GPT-4 model which can take im- 348

ages as the input. We average the accuracy scores 349

across FinQA, LogicNLG, TabFact, and WikiTQ. 350

Appendix A.3 reports LLMs’ performance on E2E 351

and ToTTo datasets. 352

TL;DR Answer 3.1: CoT prompting helps 353

LLMs reason over images of the table. 354

Full Answer 3.1: In Table 5, we observe 355

that chain-of-thought prompting helps multimodal 356

LLMs in all image-based table representations. For 357

instance, when using different colors to distinguish 358

rows in the table (Row-Color), the average accu- 359

racy score for GPT-4 improves from 51.8% by 360

vanilla prompting to 60.2% by chain-of-thought 361

prompting. By explicitly outlining the reason- 362

ing process, chain-of-thought prompting may help 363

LLMs better understand the context and relation- 364

ships between different rows and columns in the 365

table, therefore better aligning this visual informa- 366

tion with the question text. Such consistent perfor- 367

mance improvements suggest that chain-of-thought 368

prompting may enhance information fusion across 369

the text and vision modality. 370

TL;DR Answer 3.2: Distinguishing rows may 371

lead to better performance for LLMs to reason 372

over images of the table. 373

Full Answer 3.2: In Table 5, under CoT prompt- 374

ing, GPT4 performs slightly better when using col- 375

ors to distinguish different rows, which also yields 376

the overall best performance using images of the 377

table. In contrast, under CoT prompting, using 378
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Rep Cues GPT GMNpro
LLaMa-2

3.5 4 7B 13B 70B

T N/A 34 43 21 10 20 41
T T 30 51 25 14 16 37
V N/A - 57 30 - - -
V T - 58 34 - - -
V V - 57 28 - - -
V V+T - 61 38 - - -

Table 6: Accuracy scores of LLMs on FinQA. We
use vanilla prompting across experiments in this table.
GMNpro represents Geminipro model. We denote text
and image-based table representations as “T” and “V”
in the “Rep” column, respectively. The “Cues” column
indicates how we highlight the relevant cells, where
“N/A” indicates no information about relevant cells, “T”
indicates referring to relevant cells in the text, “V” in-
dicates highlighting relevant cells on the table image,
“V + T” indicates both highlighting relevant cells on the
table image and referring to them in the text.

colors to distinguish columns yields similar perfor-379

mance to vanilla image (58.0% to 57.8% for GPT-4380

and 45.1% to 46.0% for Geminipro), suggesting381

that these advanced LLMs may not capture row382

information as well as column information.383

Figure 6 shows a WikiTQ example with384

Geminipro model’s predictions. Since the question385

asks about the number of games, it requires the386

model to count how many rows satisfy such a con-387

dition. Using colors to distinguish rows may help388

models visually segment and categorize the data.389

This visual differentiation may act as a cognitive390

aid, which reduces the complexity of parsing and391

interpreting the tabular data.392

TL;DR Answer 3.3: The more capable LLM393

does not necessarily benefit more from the col-394

ored images.395

Full Answer 3.3: In addition, if we use the396

vanilla prompt, the different coloring methods may397

even hurt the performance of GPT-4 (for GPT-4,398

coloring rows with different colors yields 51.8%399

compared to 56.2% without adding any color), but400

helpful for Geminipro (for Geminipro, coloring rows401

with different colors yields 39.4% compared to402

36.8% without adding any color). This suggests403

that the effectiveness of how different LLMs can404

leverage colored images varies, and does not de-405

pend on the model’s overall performance.406

RQ 4. Does highlighting relevant cells yield a 407

better performance? 408

Test: We test all six LLMs in Section 3.1 on 409

FinQA which provides relevant cells in the table 410

for each instance. We refer to the relevant cells 411

by adding “Please pay attention to the highlighted 412

cells: (row index, column index, cell value)” in the 413

text prompt, or mark them on the table image di- 414

rectly. Appendix C provides our prompt examples. 415

We use vanilla prompting in this comparison. 416

TL;DR Answer: Yes. 417

Full Answer: In Table 6, we notice that in most 418

cases, referring LLMs to specific cells helps LLMs 419

better attend to them, thereby helping LLMs reason 420

over the example. However, LLMs’ performance 421

may get hurt when we refer to the relevant cells 422

through text such as LLaMa-2-13B and 70B. This 423

may be due to the inherent limitations of textual 424

descriptions for conveying spatial or relational in- 425

formation. In order to relate the mentioned cells in 426

the text, the model needs to figure out the connec- 427

tion between the mentioned cell and the cell in the 428

linearized table, which can be challenging to the 429

model given the complicated table structure. 430

In addition, LLMs best attend to the table items 431

when there are clues from both text and image. In 432

Table 6, we observe that marking the relevant cells 433

on the image while mentioning them through text 434

leads to the most correctly answered examples (61 435

examples by GPT-4 and 38 by Geminipro at the last 436

row in Table 6). Such a dual-modality approach 437

that combines visual cues with text references, en- 438

hances LLMs’ overall reasoning ability over the 439

tabular data. 440

5 Open Problems to Increase the 441

Performance of LLMs on Tabular Data 442

Mathematical reasoning. We observe that LLMs 443

are not good at arithmetic reasoning similar to the 444

findings in prior works (Hendrycks et al., 2021; 445

Imani et al., 2023). As shown in Figure 7, sim- 446

ple arithmetic computing like counting the total 447

number of rows that satisfy certain conditions (‘1st’ 448

in Figure 7) still poses challenges even for GPT-4. 449

This suggests that these previously proposed bench- 450

marks are still valuable in evaluating LLMs, as 451

many of these datasets involve arithmetic reasoning 452

*Except for ToTTo, where the task is to generate the sen-
tence based on the highlighted cells. On ToTTo, we include
the highlight information just in text.
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∆ Metric

FinQA 47.0 57.0 +10.0

AccLogicNLG 43.4 58.5 +15.1
TabFact 51.8 74.7 +22.9
WikiTQ 69.0 86.0 +17.0

E2E 37.1 46.0 + 8.9 ROUGE-LToTTo 30.1 47.7 +17.6

Table 7: Performance scores of the best performed
open-source ( ) LLM we test, LLaMa-2-70B versus
closed-source ( ) LLM we test, GPT-4 on different
datasets. The closed-source LLMs always outperform
the open-source LLMs and we report the performance
difference ∆ between them. For consistency across dif-
ferent datasets, we do not include the performances
with highlighting cells*in this comparison. Table 15 in
Appendix B provides what combinations of table repre-
sentation and prompting method yield this performance.

Question: What is the number of 1st 
place finishes across all events?

Gold: 17
GPT-4: 15 ⨯

Date Country Placing …

10/31/2008 UK 1st …

 …   

Figure 7: An example from WikiTQ where GPT-4 can-
not answer it correctly with bracket table representation
and chain-of-thought prompting. In addition, for most
of the table representations and prompting styles, GPT-4
cannot answer this question correctly.

such as FinQA and WikiTQ, which is challenging453

for even the most sophisticated LLMs like GPT-4.454

For datasets like E2E for table-to-text generation,455

though relatively easy for advanced models like456

GPT-4, smaller models cannot describe the table457

fully correctly as shown in Figure 8. Therefore,458

these datasets are still valuable for benchmarking459

the progress of smaller LLMs.460

Appendix D provides more examples from each461

dataset where LLMs can and cannot answer well.462

Closing the gap between open-source and closed-463

source LLMs In Table 7, we report the best per-464

formance among different prompting methods for465

the best performed open-source LLaMa-2 models466

versus the best performed closed-source GPT mod-467

els on FinQA, LogicNLG, TabFact, and WikiTQ.468

We note that on these tasks, GPT-4 always performs469

the best among all the closed-source LLMs we test.470

We observe that open-source LLaMa-2 models471

obtain decent performances across these bench-472

marks. as shown in Table 15. Figure 8 shows an473

example from E2E dataset. The smaller LLaMa-474

Name EatType Area

Blue Spice pub Riverside

Question: Write a sentence to describe the table.

Model Generated

L-7B
The table contains three columns and three rows, with 
the data “Blue Spice”, “pub”, and “riverside” in the 
first column, respectively. ⨯

L-13B
The table contains information about three different 
restaurants, including their names, eat types (pub or 
restaurant), and locations (riverside or not). ⨯

L-70B
The table shows the name, eatType, and area of a 
restaurant, with one entry for Blue Spice, a pub 
located in the riverside area.

✓

Figure 8: Table-to-text generation from E2E. We
use vanilla prompting and bracket table representa-
tion across all the models. “L-7B/13B/70B” represents
LLaMa-2-7B/13B/70B, respectively. We highlight the
part where the model generates incorrectly in red.

2 models such as LLaMa-2-7B or LLaMa-2-13B 475

make mistakes in counting rows. However, they 476

capture almost all the information in the table in- 477

cluding the name, eat type, and area of the restau- 478

rant. As the model scales up, the LLaMa-2 70B 479

model can describe the table accurately. 480

However, significant performance gaps exist be- 481

tween open-source LLaMa-2 models and closed- 482

source GPT-4 models. In Table 7, the gap between 483

open-source LLaMa-2 models and GPT-4 can be 484

as large as 15% on FinQA and 22.9% on TabFact. 485

Even on LogicNLG which has the smallest perfor- 486

mance gap, there is an 8.4% difference between the 487

LLaMa-2 and GPT models. As LLaMa models of- 488

ten serve as the foundation models for a wide range 489

of NLP research (Roziere et al., 2023; Xu et al., 490

2023b), we need the effort from the open-source 491

community to keep developing stronger LLMs to 492

close the gap between open-source and closed- 493

source LLMs. 494

6 Conclusion 495

We have explored various representation strategies, 496

including both text-based and innovative image- 497

based approaches, to understand how to use LLMs 498

effectively in tasks involving tabular data. We 499

demonstrate the effectiveness of image-based rep- 500

resentations and reveal the impact of prompting 501

strategies on the performance of LLMs. We be- 502

lieve our insights contribute to the understanding 503

of LLMs and how to optimize LLMs for tabular 504

data processing. 505
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7 Ethical Statement506

We conduct our studies on six pre-existing and507

publically available datasets using various existing508

LLMs. Prior works have pointed out the potential509

bias in these LLMs (Bender et al., 2021) which510

practitioners need to be aware of.511

8 Limitations512

In this study, we do not intend to exhaust every513

possible text representation, image representation514

of tables, or every possible LLM. Moreover, we do515

not have access to the closed-source LLMs behind516

their API. We hope our findings and insights in this517

paper can inspire future research on table-related518

tasks.519
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GPT GMNpro
LLaMa-2

3.5 4 7B 13B 70B

Vanilla-T
V 52.5 60.3 37.1 28.8 35.3 42.7
E 51.0 63.8 39.5 29.0 35.1 46.7

CoT 55.2 62.6 53.5 32.1 37.6 48.3

Bracket
V 50.9 60.1 38.4 28.4 36.6 42.2
E 47.9 62.8 39.5 28.1 34.5 45.8

CoT 51.4 61.9 57.3 34.2 39.3 50.0

Column-JSON
V 48.3 59.5 32.6 24.9 28.8 39.2
E 48.8 62.8 34.0 26.4 28.2 42.5

CoT 51.2 59.6 53.6 28.0 34.8 42.8

Row-JSON
V 49.7 62.3 41.2 27.9 32.6 40.9
E 53.7 63.8 39.4 26.4 31.6 45.4

CoT 53.3 62.0 52.1 31.0 35.7 48.4

Row-Identifier
V 52.0 61.2 38.6 27.9 38.5 43.2
E 53.2 63.0 38.2 26.1 34.0 41.8

CoT 51.6 62.1 56.5 30.6 33.0 45.9

Table 8: For text-based table representations, averaged
accuracy scores across FinQA, LogicNLG, TabFact,
and WikiTQ for different LLMs. “GMNpro” represents
Geminipro model, “V”, “E”, and “CoT” represent vanilla,
expert and chain-of-thought prompting, respectively.

A Research Questions Cont’d807

A.1 RQ1 Cont’d. Can we use image-based808

representations of tabular data?809

Figure 9 and Figure 10 show the performance com-810

parison between feeding text representations versus811

image representations of the table to GPT-4 and812

Geminipro for chain-of-thought and expert prompt-813

ing, respectively. The results resemble similar814

trends as Figure 3.815

A.2 RQ2 Cont’d. How do different text-based816

prompt methods affect LLMs’817

performance on tabular-related tasks?818

Table 8 reports the averaged accuracy scores across819

FinQA, LogicNLG, TabFact and WikiTQ that use820

accuracy as the metric. Table 9 and Table 11 re-821

port the ROUGE-L scores of LLMs’ generation on822

E2E and ToTTo dataset, respectively. Table 10 re-823

ports the scores annotated manually by the authors.824

As discussed in Section 3.4, the authors manually825

check whether the generated sentence captures all826

the information from the table and does not include827

any additional or misinformation. We assign “1”828

for sentences who satisfy the criteria and “0” other-829

wise.830

GPT GMNpro
LLaMa-2

3.5 4 7B 13B 70B

Vanilla-T
V 28.6 44.8 35.6 21.2 20.6 20.0
E 29.3 44.9 35.9 15.8 20.6 16.8

CoT 21.3 44.6 21.1 16.7 17.7 18.1

Bracket
V 42.0 45.2 26.1 23.0 23.7 21.2
E 41.7 43.2 29.6 19.4 24.7 21.4

CoT 31.3 42.4 19.5 18.8 21.0 18.3

Column-JSON
V 45.5 45.6 41.6 37.1 26.2 31.4
E 43.5 45.1 41.9 27.2 25.4 29.0

CoT 43.7 46.0 22.3 30.0 23.4 23.2

Row-JSON
V 44.6 45.7 28.8 32.4 21.5 25.9
E 43.3 45.0 21.9 27.6 28.0 27.5

CoT 43.6 44.7 22.1 27.0 24.1 19.3

Table 9: For text-based table representations, ROUGE-L
scores on E2E for different LLMs. “GMNpro” repre-
sents Geminipro model, “V”, “E”, and “CoT” represent
vanilla, expert and chain-of-thought prompting, respec-
tively. We do not include the Row-Identifier here as all
the tables in E2E dataset only contains one row other
than the header row.

A.3 RQ3 Cont’d. How do different 831

image-based prompt methods affect 832

LLMs’ performance on tabular-related 833

tasks? 834

Tables 12 and 13 report the ROUGE-L scores of 835

GPT-4 and Geminipro when we use image repre- 836

sentations of tables on E2E and ToTTo dataset, 837

respectively. Table 14 reports the scores annotated 838

manually by the authors. 839

B Comparison of LLaMa Models and 840

GPT-4 Models 841

Table 15 provides the details of what combina- 842

tion of table representation and prompting method 843

yields the best performance with respect to the 844

LLaMa-70B and GPT-4 models. 845

C Prompt Examples 846

Figure 11 gives an example of how we construct 847

our prompt for an instance in WikiTQ. 848

D LLMs’ Generation Examples on Each 849

Dataset 850

Figure 12 gives examples for WikiTQA, TabFact, 851

LogicNLG, and FinQA datasets we use, how many 852

combinations of LLMs, table representations, and 853
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FinQA LogicNLG TabFact WikiTQ E2E Totto0

20

40

60

80

46.0 46.3

63.8 58.0

21.1

44.550.0
41.3

56.5

36.0 38.0
45.547.0 52.1

71.4
80.0

44.6 43.5
53.0 54.1 59.2 65.0

38.3 43.4
GMNpro(T)
GMNpro(V)
GPT-4 (T)
GPT-4 (V)

Figure 9: Performance comparison between passing the text versus image representations of tables to GPT-4 and
GeminiPro across FinQA, LogicNLG, TabFact, and WikiTQ by accuracy, and E2E and ToTTo by ROUGE-L scores.
We use the linearized table (Vanilla-T) as the text-based representation, the original table image (Vanilla-V) as the
image-based representation, and CoT prompting.

FinQA LogicNLG TabFact WikiTQ E2E Totto0

20

40

60

80

29.0 30.1

64.0

35.0 35.9
42.4

33.0 31.7

56.0

28.0
39.2 45.0

52.0 54.1

72.0 77.0

44.9 42.8
53.0

45.3
58.2 63.0

35.6
42.3

GMNpro(T)
GMNpro(V)
GPT-4 (T)
GPT-4 (V)

Figure 10: Performance comparison between passing the text versus image representations of tables to GPT-4 and
GeminiPro across FinQA, LogicNLG, TabFact, and WikiTQ by accuracy, and E2E and ToTTo by ROUGE-L scores.
We use the linearized table (Vanilla-T) as the text-based representation, the original table image (Vanilla-V) as the
image-based representation, and expert prompting.

prompting techniques can answer the question cor-854

rectly. We notice that LLMs tend to answer well855

in general if the example focuses on extracting in-856

formation from the table, but answer poorly if the857

question involves some arithmetic reasoning such858

as counting rows and comparing with others (exam-859

ples from TabFact and LogicNLG), or complicated860

calculation that involves several steps (the example861

from FinQA). Figure 13 provides examples from862

E2E dataset.863

Figure 14 provides examples from the ToTTo864

dataset, the models generally describe information865

better when there is less information.866

GPT GMNpro
LLaMa-2

3.5 4 7B 13B 70B

Vanilla-T
V 28 79 60 23 15 24
E 26 81 50 8 22 12

CoT 23 86 32 17 14 19

Bracket
V 90 94 33 28 69 32
E 94 92 39 29 78 34

CoT 74 94 36 26 62 37

Column-JSON
V 91 82 88 63 63 77
E 91 84 85 56 76 73

CoT 90 84 60 55 67 75

Row-JSON
V 94 93 57 54 41 48
E 94 94 33 58 72 65

CoT 95 96 62 62 49 60

Table 10: For text-based table representations, manual
annotation scores (whether the generation contains all
the information from the table without any additional
or mis-information) on E2E for all LLMs. “GMNpro”
represents Geminipro model, “V”, “E”, and “CoT” rep-
resent vanilla, expert and chain-of-thought prompting,
respectively.
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Vanilla N/A

Expert Let's pretend you are an expert in 
reading table and answer questions.

CoT Please think step by step.

District Location Communities served

Agape Christian Academy Burton Township, Ohio and Troy Township, Ohio Accepts applications prior to the start of each school year

…

Question: where is saint anslem school located?

Vanilla-T District, Location, Communities served, Agape Christian 
Academy, Burton Township, Ohio and Troy Township …

Row-Identifier District, Location, Communities served, [ROW1], Agape 
Christian Academy, Burton Township, Ohio and Troy 
Township ...

Bracket [ [ District, Location, Communities served ], [Agape Christian 
Academy, Burton Township, Ohio and Troy Township, Ohio, 
Accepts applications prior to the start of each school year] ...]

Column-JSON { District: [Agape Christian Academy, …], Location: [Burton 
Township…] … }

Row-JSON [ { row: 1, District: Agape Christian Academy, Location: 
Burton Township, Ohio and Troy Township, Ohio,        
Communities served: Accepts applications prior to the start of 
each school year }, …]

District Location Communities served

Agape … Burton Township … Accepts applications …

…

District Location Communities served

Agape … Burton Township … Accepts applications …

…

District Location Communities served

Agape … Burton Township … Accepts applications …

…

Vanilla-V

Row-Color

Column-Color

Figure 11: An example of how we construct the prompt for WikiTQ. Given the table and question, we choose from
the three prompting methods, and combine with either the text-based or the image-based table representation.

GPT GMNpro
LLaMa-2

3.5 4 7B 13B 70B

Vanilla-T
V 43.3 43.9 42.4 21.6 22.9 27.2
E 41.4 42.8 42.4 20.7 22.2 26.3

CoT 42.7 43.5 44.5 19.8 22.8 27.4

Bracket
V 44.2 44.9 44.8 23.6 24.8 28.9
E 41.7 43.0 44.1 22.3 23.1 29.1

CoT 43.9 45.5 43.9 23.3 24.0 29.6

Column-JSON
V 45.5 45.5 44.5 22.1 22.7 30.1
E 41.1 43.1 44.8 19.9 20.8 10.3

CoT 43.9 44.2 45.1 22.1 21.5 28.8

Row-JSON
V 43.1 45.1 43.7 22.3 21.9 29.4
E 40.8 43.1 43.4 21.5 21.4 27.0

CoT 42.3 45.2 45.1 22.9 22.5 26.9

Row-Identifier
V 42.2 44.6 43.2 19.1 22.2 28.3
E 40.1 42.7 42.5 21.3 21.3 26.5

CoT 42.0 43.7 44.2 19.1 22.3 28.0

Table 11: For text-based table representations, ROUGE-
L scores on ToTTo for all LLMs. “GMNpro” represents
Geminipro model, “V”, “E”, and “CoT” represent vanilla,
expert and chain-of-thought prompting, respectively.

GPT-4 Geminipro
V E CoT V E CoT

VV 44.0 42.3 43.4 46.0 45.0 45.5
CC 44.8 41.7 44.1 47.7 44.8 45.1
RC 44.5 42.8 43.7 46.3 44.6 45.0

Table 12: For image-based table representations,
ROUGE-L scores on E2E for GPT-4 and Geminipro.
For the headers, “V”, “E”, and ”CoT” represent vanilla,
expert, and chain-of-thought prompting, respectively.
For the row names, “VV”, “CC’, and “RC” represent
Vanilla-V, Column-Color, and Row-Color, respectively.

GPT-4 Geminipro
V E CoT V E CoT

VV 44.0 42.3 43.4 46.0 45.0 45.5
CC 44.8 41.7 44.1 47.7 44.8 45.1
RC 44.5 42.8 43.7 46.3 44.6 45.0

Table 13: For image-based table representations,
ROUGE-L scores on ToTTo for GPT-4 and Geminipro.
For the headers, “V”, “E”, and ”CoT” represent vanilla,
expert, and chain-of-thought prompting, respectively.
For the row names, “VV”, “CC’, and “RC” represent
Vanilla-V, Column-Color, and Row-Color, respectively.

GPT-4 Geminipro
V E CoT V E CoT

VV 86 83 90 77 74 78
CC 86 69 93 70 61 72
RC 85 70 89 61 57 60

Table 14: For image-based table representations, manual
annotation scores (whether the generation contains all
the information from the table without any additional
or mis-information) on E2E for GPT-4 and Geminipro.
For the headers, “V”, “E”, and ”CoT” represent vanilla,
expert, and chain-of-thought prompting, respectively.
For the row names, “VV”, “CC’, and “RC” represent
Vanilla-V, Column-Color, and Row-Color, respectively.
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Table Repr Prompting ∆ Table Repr Prompting Metric

FinQA Vanilla-T CoT 47.0 57.0 +10.0 Vanilla-V Vanilla

AccLogicNLG Vanilla-T CoT 43.4 58.5 +15.1 Row-Color CoT
TabFact Column-JSON Expert 51.8 74.7 +22.9 Row-JSON Expert
WikiTQ Row-JSON CoT 69.0 86.0 +17.0 Row-Identifier CoT

E2E Column-JSON Vanilla 37.1 46.0 +8.9 Column-JSON CoT ROUGE-LToTTo Column-JSON Vanilla 30.1 47.7 +17.6 Column-Color Vanilla

Table 15: Performance scores of the best performed open-source ( ) LLM we test, LLaMa-2-70B versus closed-
source ( ) LLM we test, GPT-4 on different datasets. Four datasets uses accuracy as metrics and two datasets (E2E
and ToTTo) uses ROUGE-L as metrics. The closed-source LLMs always outperform the open-source LLMs and
we report the performance difference ∆ between them. We include the table representation (“Table Repr”) and
prompting methods that yield the best performance next to the columns that report open-source and closed-source
LLM scores, respectively. For consistency across different datasets, we do not include the performances with
highlighting cells in this comparison.

 Amount ( in millions)

2011 Net Revenue $ 2045

Nuclear Realized 
Price Change

-194 (194)

2012 Net Revenue 1854

Rank Nation Gold …

1 Brazil 7 …

Place Player Country …

1 Ben Curties 7 …

Rank Rowers …

4 vitasek , dolecek , hanak , irka …

 Amount ( in millions) …

2016 $ 705.4 …

Dataset Question / Statement Table Gold Correct 
(out of 108)

WikiTQ

Who won the most gold medals? Brazil 107

What is the number of 1st place finishes 
across all events? 17 8

TabFact

Ben Curtis , J B Holmes , Steve Flesch, and 
David Tom be from the united state. True 76

March be feature more often as a month in 
the date than any other month. True 13

Date Result …

3 March 2009 7 …

LogicNLG

In each of the event there were 4 [ENT] on a 
team. rowers 102

[ENT] won more medal than anyone else. Marit BjØrgen 
( Nor ) 29

FinQA

What was the average net revenue between 
2016 and 2017 in millions? 705.25 102

What are the nuclear realized price changes 
as a percentage of the decrease in net 
revenue from 2011 to 2012

101.571% 21

Rank Nation Total …

1 Marit BjØrgen ( Nor ) 5 …

Date Plaing Event …

… 1 Sprint …

Figure 12: Examples from WikiTQ, TabFact, LogicNLG, FinQA with the number of correctly answered cases. For
each example, we have 108 cases corresponding to the three prompting methods, five text-based table representations,
and six LLMs, together with three prompting methods, three image-based table representations, and two LLMs. We
omit some table content to assist readers.
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Name EatType Customer 
Rating

Near

Blue Spice Coffee Shop Average Burger 
King

Name EatType Customer 
Rating

Near

Blue Spice Pub 5 out of 5 Crowne Plaza 
Hotel

Dataset Question / Statement Table Gold Correct

E2E

Write a sentence to describe the 
table.

Near Burger King is the Blue Spice 
coffee shop.  It has average customer 
ratings. 78

Write a sentence to describe the 
table.

The pub Blue Spice is based near 
Crowne Plaza Hotel and has a high 
customer rating of 5 out of 5. 60

Figure 13: Examples from the E2E dataset with the number of generations that capture all the table information
without any false information (manually annotated by the authors). For each example, we have 102 cases as we
exclude the Row-Identifier because there is one row for each table.

Award Steamer Award Dates Notes

- Air Force Outstanding 
Unit Award …  

Year Title Role

2015 Plastic Memories Isla

2015 Monster Musume Miia

…

Dataset Question / Statement Table Gold Avg 
ROUGE-L

ToTTo

Write a sentence with respect to the 
corresponding cells in the table. 
Title: Baudette Air Force Station; 
Awards

Baudette Air Force Station was 
awarded the Air Force Outstanding 
Unit Award for the period, 1 June 
1971 through 31 May 1973.

58.4

Write a sentence with respect to the 
corresponding cells in the table. 
Title: Sora Amamiya

In 2015, Sora Amamiya was cast as 
Isla in Plastic Memories and as Miia 
in Monster Musume.

40.9

Figure 14: Examples from the ToTTo dataset with the average ROUGE L scores for the generation. For each
example, we have 108 cases similar to Figure 12. Since ToTTo requires to generate information about relevant cells
in the table, we provide the relevant cells’ information through text across all the experiments on ToTTo.
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