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Abstract

Due to the limited scale of multimodal table understand-
ing (MTU) data, model performance is constrained. A
straightforward approach is to use multimodal large lan-
guage models to obtain more samples, but this may cause
hallucinations, generate incorrect sample pairs, and cost
significantly. To address the above issues, we design a sim-
ple yet effective synthesis framework that consists of two
independent steps: table image rendering and table question
and answer (Q&A) pairs generation. We use table codes
(HTML, LaTeX, Markdown) to synthesize images and gen-
erate Q&A pairs with large language model (LLM). This
approach leverages LLMs high concurrency and low cost
to boost annotation efficiency and reduce expenses. By in-
putting code instead of images, LLMs can directly access
the content and structure of the table, reducing hallucina-
tions in table understanding and improving the accuracy of
generated Q&A pairs. Finally, we synthesize a large-scale
MTU dataset, SynTab, containing 636K images and 1.8M
samples costing within $200 in US dollars. We further intro-
duce a generalist tabular multimodal model, SynTab-LLaVA.
This model not only effectively extracts local textual con-
tent within the table but also enables global modeling of
relationships between cells. SynTab-LLaVA achieves SOTA
performance on 21 out of 24 in-domain and out-of-domain
benchmarks, demonstrating the effectiveness and generaliza-
tion of our method. The Code is available at SynTab-LLaVA.

1. Introduction

Tables are a crucial form of data representation, commonly
used in domains like finance, internet, and academic, efc.
Within the Al community, enabling machines to interpret

“Equal contribution. ®Corresponding authors.

zhinchen@fudan.edu.cn

Tabular MLLM
Training

= Lo
T ‘Q:6Given the table, which country or reg"\ ’
) ion had the fourth largest value in the y
ear 20077
Hallucination { GID
— A:In the year 2007, the country nr' regi Hallucination

on with the fourth largest value was Kor

(a) MLLM Synthesis Method \ea, with a value of $288,756.

Image
™ Rendering |

| 6 ganer, b100% 2731, 12 ”
2 00 e on o
</table> -
B B - - /Q:Given the table, which country or reg\
| ion had the fourth largest value in the y
LLM ear 20077

=
Synthesis -5 A:The country/region that had m fou

rth largest value in the year 2007 was

(b) Our Synthesis Method \dsia Pacific.

Figure 1. Compared to MLLM synthesis method (a), our synthesis
approach (b) alleviates hallucinations in table inputs, enabling
the generation of more accurate Q&A pairs and achieving better
optimization in subsequent tabular MLLM training. Zoom in for
better visualization.

tables has emerged as an active research area [7, 30, 44, 45].
A prominent focus in this field is multimodal table under-
standing (MTU), which involves answering user questions
based on information extracted from table images.

Although recent works [7, 20, 31, 42] improve table un-
derstanding, the limited quantity of existing MTU datasets
still hampers model performance. Therefore, some other
studies [3, 5, 30, 44] focus on annotating more MTU data to
enhance model performance. The annotating process begins
with obtaining table images, requiring annotators to generate
a question and answer (Q&A) pair based on the image. Ulti-
mately, any table understanding sample can be abstracted as
a tuple of the form (image, question, answer). We believe
that three key metrics should be considered during the anno-
tation process: efficiency (annotation time per sample), cost
(annotation expense per sample), and robustness (sensitiv-
ity to variations in input tables). Our investigation reveals
that existing methods primarily rely on two approaches: hu-
man annotation [3, 5, 16, 30] and multimodal large language
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model (MLLM) synthesis [45, 46], neither of which effec-
tively balances the three metrics.

The human annotation process is straightforward. Upon
receiving an image, annotators generate the corresponding
Q&A pairs. Leveraging the strong visual perception abilities,
annotators can effectively handle images of varying quality
and size, achieving a high degree of robustness. However,
the drawback is that samples cannot be generated in parallel.
Additionally, hiring human annotators can be quite costly.
For instance, creating 2000 sample pairs for TableBench [39]
costs $12,000 in US dollars. The Fig. 1 (a) shows another
method [26, 45, 46], which involves using MLLM [28, 34]
to synthesize table understanding samples. They design ap-
propriate prompts to guide the MLLM in understanding the
table images and generating reasonable Q&A pairs. This
approach allows for parallel requests to the MLLM, thus
enhancing efficiency. However, the MLLM usually gener-
ates a large number of visual tokens from the table images,
which increases the synthesis cost. Although TabPedia [45]
synthesizes over one million samples for MTU, the dataset
has not been made publicly available due to high costs and
company copyright restrictions. More critically, the process
by which MLLMs handle table images is complex and is
easily affected by image quality and structural extraction ca-
pabilities, increasing the risk of hallucinations. This includes
misinterpreting the structure of complex tables, overlook-
ing certain table content, and incorrectly modeling relation-
ships between cells, efc. Such issues lead to inaccuracies
in the generated Q&A pairs and reduce the robustness of
the synthesis method. As shown in Fig. 1 (a), using these
incorrect Q&A pairs to train tabular MLLMs further induces
hallucinations, hindering the models from achieving optimal
performance.

To address the above issues, this paper proposes a novel
method for synthesizing MTU data that balances efficiency,
cost, and robustness, shown in Fig. 1 (b). In this method,
we introduce decoupling the MTU annotation into two in-
dependent steps: table image rendering (code, image) and
table question and answer pairs generation {(code, question,
answer). Here, code represents the string sequence (HTML,
LaTeX, Markdown) expressed by table images. In table im-
age rendering, we use rendering toolkits to convert codes into
images and apply various data augmentation techniques to
ensure image diversity. Through this, we obtain 636K (code,
image) samples. For Q&A pairs generation, we utilize LLM
Doubao to treat table code as image and design a prompt
generator to guide the LLM generating Q&A pairs with vari-
ous question types. Finally, we merge the outputs from the
two steps and synthesize a large-scale dataset, SynTab, with
1.8M sample pairs (image, question, answer). Compared
to existing datasets, our method has significant superiority
on the three key metrics: 1) Lower costs. Thanks to the
low price of LLMs and the fact that table codes have fewer

input tokens than images, our method achieves much lower

costs during the synthesis process ($200 vs $12000 in US

dollars). 2) Higher efficiency. Commercial LLMs can handle
parallel requests, which significantly enhances the efficiency

of data annotation. 3) Better robustness. Our approach di-

rectly processes structured table codes, enabling the LLM

to achieve higher accuracy and reliability in row-column

logic, contextual reasoning, and content consistency. Addi-
tionally, this approach reduces visual noise and information

loss from table codes. Consequently, compared to MLLM

synthesis methods, the Q&A pairs generated by the LLM are

more accurate, and coherent, and exhibit significantly fewer
hallucinations.

Furthermore, we notice that existing methods [22, 46]
utilize 336 x 336 as the input size, while the table images
often exceed this size, leading to significant loss of image
content information due to excessive resizing.

Therefore, this paper proposes a hybrid multi-resolution
multimodal table understanding model, SynTab-LLaVA,
which encodes local visual information and global struc-
tural relationships on high-resolution and low-resolution
images, respectively. To validate the effectiveness of the
SynTab-LLaVA, we conduct experiments on 24 table under-
standing benchmarks mentioned in Table-LLaVA [46]. The
results demonstrate that our dataset and model effectively
enhance table understanding capabilities. Compared to gen-
eral MLLMs and specialized models for MTU, our approach
achieves state-of-the-art performance on 21 benchmarks.

To summarize, our contributions are as follows:

* We propose a novel multimodal table understanding syn-
thesis method that decouples the synthesis steps, ultimately
achieving high efficiency, low cost, and high robustness.

* We will open source the first million-level multimodal
table understanding synthesis dataset SynTab for tabular
multimodal large language model community.

* We propose a multimodal tabular understanding model,
SynTab-LLaVA, which effectively enhances model perfor-
mance in table understanding and achieves SOTA results
across multiple benchmarks.

2. Related Works
2.1. Multimodal Table Understanding Datasets

Existing manually labeled MTU datasets can be categorized
into four categories: Table Question Answering (TQA), Ta-
ble Fact Verification (TFV), Table-to-Text Generation (T2T),
and Table Structure Understanding (TSU).

The TQA includes seven datasets related to question an-
swering on table images. The WTQ [30] and FeTaQA [27]
respectively require models to generate short and extended
answers. HiTab [5] and AIT-QA [17] collect a hierarchical
dataset to handle complex tables. For TabMCQ [16], the
dataset involves selecting the correct answer from a set of
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Figure 2. A comprehensive overview of the synthesis framework (a), consisting of two independent steps: table image rendering and table
Q&A pairs generation. (b) and (c) present the relevant statistical information of our synthesized dataset.

multiple options provided. Finally, TABMWP [24] and TAT-
QA [51] mainly focus on the calculation and reasoning of
numerical values in tables.

The TFV category includes TabFact [3], InfoTabs [13],
and PubhealthTab [1], which primarily involve retrieving
information from tables and comparing it against statements
in questions to determine their correctness.

The T2T category includes four datasets. ToTTo [29]
and HiTab_T2T [5] require generating descriptions based on
highlighted cell areas in the table. Rotowire [38] provides
summaries of sports events, including scoring data for each
NBA game. WikiBIO [18] is used to generate biographical
information about individuals.

The TSU [46] includes Table Size Detection (TSD), Table
Cell Extraction (TCE), Table Cell Locating (TCL), Merged
Cell Detection (MCD), Row & Column Extraction (RCE),
and Table Recognition (TR). It enables the model to enhance
the understanding of structural information in table images
and OCR capabilities.

Statistics [46] show that these datasets have only 232K
training samples, while our SynTab dataset includes 1.8M
samples, an order of magnitude larger.

2.2. Multimodal Large Language Model

Thanks to the rapid development of LLMs [2, 12, 35, 40],
recent studies [19, 22] attempt to integrate multimodal infor-
mation into LLMs to achieve perception and understanding
of visual content, referred to as MLLMs. Despite the good
performance in some fields, their input resolutions are rela-
tively low. LLaVA1.5 [22] adopts the resolution of 336 x 336,
which is too small for table images. Excessive resizing of

the images leads to a significant loss of content and detailed
information, resulting in incorrect answers from the MLLM.
To enhance resolution, some methods [15, 21, 41] attempt
to crop a high-resolution image into multiple small non-
overlapping patches. While this approach can enhance the
input size, it disrupts the spatial relationships and content
within the table images, leading to inaccurate understand-
ing. Moreover, this cropping operation generates a large
number of visual tokens, which is unacceptable in computa-
tion resource-constrained scenarios. In contrast, this paper
proposes SynTab-LLaVA that increases the input size to
1536 x 1536 while producing only 576 visual tokens.

3. SynTab Dataset

In this section, we provide a detailed description of the syn-
thesis details of SynTab. The synthesis pipeline is illustrated
in Fig. 2 (a), which mainly consists of two independent steps:
table image rendering and table Q&A pairs generation. In
Sec. 3.1 and Sec. 3.2, we explain how to use the sequence
representation of table, code, including HTML, LaTeX, and
Markdown, as intermediaries to synthesize the desired MTU
sample pairs (image, question, answer). In Sec. 3.3, we ana-
lyze the advantages of the SynTab dataset.

3.1. Table Image Rendering

The purpose of table image rendering is to generate corre-
sponding image based on the code of the tables. This step
helps us obtain the image for the MTU samples.

Code Collection. We collect 113K and 652K tex-
tual tables from the open-source datasets FinTabNet [48]
and TableLLama [7], primarily consisting of HTML- and
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Markdown-formatted table data. Subsequently, we design
detailed scripts to convert the collected data into codes that
only contain the content and structure of tables. Next, we
filter the collected codes, retaining those with a row count be-
tween 3 and 60, a column count of at least 3, and fewer than
1400 tokens after tokenization with tiktoken. Ultimately, we
filter out 636K tables for subsequent synthesis.

Image Rendering. We employ a series of data augmen-
tation techniques aimed at enhancing the visual diversity
of table images. These augmentations are applied to var-
ious table attributes, such as background color, font size,
and font style, to generate a range of visually distinct table
images. Additionally, we randomly choose diverse table
layouts, including row-only, column-only, or fully gridded
separators, to achieve more varied display effects. To further
simulate real scenarios, we randomly apply highlighting ef-
fects to specific cells within table. This includes continuous
blocks of cells, entire rows, or columns, efc, emphasized
through shadows or color highlights. By these augmentation
techniques, we synthesize visually diverse table images that
closely resemble the table images in existing MTU samples.

Through the above process, we synthesize 636K
(code,image) samples. Following [46], we use these sam-
ples in the pre-training of SynTab-LLaVA. Therefore, we
refer to the synthesized code-image dataset as SynTab-Pre.

3.2. Table Question and Answer Pairs Generation

Previous methods [39, 45] request MLLMs or LLMs to au-
tomatically generate corresponding Q&A pairs based on the
input which limits the diversity of question types. Therefore,
after analyzing the types of questions in the MTU samples,
we define 6 main question categories and 11 more detailed
subcategories to ensure that our synthesized dataset covers a
wide range of MTU question types. Additionally, we design
a prompt generator to produce suitable prompts that guide
the LLM in generating Q&A pairs constrained by specific
question types and output formats.

3.2.1 Category Definition

The question types in MTU mainly fall into 6 major cate-
gories, encompassing a total of 11 subcategories: retrieval
(table retrieval), data operations (counting, ordering, deter-
mining range, filtering), numerical calculations (simple nu-
meral calculations, complex calculations), free answering
(free table question answering), selection (multiple choice,
table fact verification), and summary (table summary).
Retrieval involves identifying and extracting specific in-
formation or multiple table cells directly from a table. Data
operations process table data to retrieve values based on
the question. These include: counting, ordering, range de-
termination, and filtering. Numerical calculations operate
quantitative data in tables for analysis. This includes simple
numerical addition, subtraction, multiplication, and division

as well as complex mixed operations. Free answering re-
quires the answer should integrate both facts and inferences
into a coherent sentence in response to the question. Se-
lection involves choosing 1 correct option from N answers,
typically N = 4. Table Fact Verification is a special case
where N is 2, requiring a choice between affirmative or neg-
ative responses. Summary involves providing a concise
and coherent description or caption of the key information
presented in a table. We represent detailed descriptions of
these 11 subcategories in Supplementary Materials.

3.2.2 Prompt Generator

The prompt generator is designed to generate diverse
prompts that guide LLMs to produce Q&A pairs based on
question type requests. As shown in the prompt generator
in Fig. 2 (a), we first randomly select N distinct subcate-
gories from the given task pool, where N € [1,11]. The
task pool represents the 6 categories defined in last subsec-
tion. Next, based on the number of rows and columns in
a table, we determine the number of Q&A pairs to be gen-
erated for the table. Additionally, we specify the output
format in the prompt and provide a structured template for
the generated Q&A pairs. Each question corresponds to both
a detailed answer and a brief answer to reflect the process
of problem-solving. Finally, we assemble the input code
with the predefined question types and output format to form
a complete prompt, which is then input into the LLM to
generate the required Q&A pairs.

Through the above process, we generate a variety of
prompt templates, significantly enriching the diversity of
question types generated by LLMs. Additionally, detailed
answers illustrate the steps taken by the model to solve
problems, which is crucial for MLLMs to achieve MTU
tasks. We use 636K codes to generate 1.8M sample pairs
(code, question, answer) . Subsequently, we combine the
images generated in Sec. 3.1 with the Q&A pairs using
the code as an intermediary to create MTU sample pairs
(image, question, answer), resulting in the dataset SynTab-
SFT for instruction fine-tuning of SynTab-LLaVA.

3.3. SynTab Dataset Analysis

The statistics of SynTab are shown in Fig. 2 (b) and (c). Fig. 2
(b) shows the proportions of the 6 question types in SynTab
and (c) presents the statistical information of the samples. It
is worth noting that, due to the inclusion of detailed answers,
the average length of our answers is 34, which helps the
model learn the steps involved in problem-solving.
Compared to previous datasets mentioned in Sec. 2.1,
SynTab has the following advantages: 1) We are the first to
open-source a million-level MTU dataset, containing 636K
table images and a total of 1.8M sample pairs, whereas
previous MTU datasets only include 82K table images and
232K sample pairs. 2) The table images rendered in Sec. 3.1
are visually highly realistic. We provide visualizations of
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Figure 3. The overall architecture of SynTab-LLaVA.

the synthesized images in the Supplementary Materials. 3)
By utilizing the prompt generator, the synthesis of Q&A
pairs can cover most question types in MTU, enhancing the
generalization capability of MTU models.

4. SynTab-LLaVA

As shown in Fig. 3, we present the overview of SynTab-
LLaVA. The model framework mainly consists of three parts:
the hybrid multi-resolution visual encoder, projection layer,
and LLM.

4.1. Model Architecture

Hybrid Multi-resolution Vision Encoder accepts high-
resolution and low-resolution table images as input and uses
the corresponding visual encoder to extract relevant local
and global information, finally concatenating them in the
feature dimension.

High-Resolution Vision Encoder. As demonstrated by
previous methods [21, 23], high-resolution images allow
MLLMs to acquire more visual information, which is also
important for table images. Therefore, we adopt a five-
stage ConvNeXt [1 1] to encode high-resolution image inputs.
Specifically, given an input image I, we resize it to a fixed
high-resolution size of H x H, denoted as I, where H is
set to 1536. Next, the resized image [}, is fed into ConvNeXt
to obtain the feature map Fj, which is downsampled by a
factor of 64, resulting in 24 x 24 visual tokens, each with a
dimension of 3072, denoted as F}, € R?76%3072

Low-Resolution Vision Encoder. Although ConvNeXt
can extract local features from the text regions of table im-
ages, it fails to capture the spatial contextual relationships
between cells. Therefore, we use ViT-L/14 [33] to model
the global spatial relationships in table images. Specifically,
we resize the image I to 336 x 336, and after processing
with ViT-L/14, we obtain 576 visual tokens, each with a

dimension of 1024, denoted as Fj € R®76x1024

Afterward, we merge the F} and F; along the feature
dimension to form a hybrid resolution visual feature: F' =
concat([F},, F],dim = —1). Each token in F' contains not
only local visual information from the corresponding image
region but also the global spatial and structure relationships
of the table cells. Furthermore, this fusion approach ensures
that the feature F' still retains 576 tokens, thus avoiding addi-
tional resource consumption in the self-attention of the LLM.
We employ a two-layer MLP as projection layer to convert
the visual features into the embedding space of the LLM.
Finally, we combine the visual features with the embedded
textual features and input them into Vicuna [6] to generate
answers.

4.2. SynTab-LLaVA Training

Similar to the training strategies of other MLLMs [22, 45,
46], we adopt a two-stage process for training SynTab-
LLaVA, consisting of pre-training followed by instruction
fine-tuning.

SynTab-LLaVA Pre-training. The MTU needs to un-
derstand the structural information and textual content in
the table images and reason correct answers to the ques-
tions posed. So we select table recognition as the main goal
for the pre-training, which requires to output of the corre-
sponding code based on the input table image. In summary,
our pre-training data consists of table recognition samples
(SynTab-Pre 636K, MMTab-Pre [46] 150K) and general
image-text alignment samples (LLaVA1.5-Pre [22] 558K).

Multimodel Table Understanding Fine-tuning. Pre-
vious MLLMs [21, 22, 45] employ a variety of datasets,
including captions, visual question answering, and optical
character recognition to achieve general multimodal under-
standing. However, these datasets are not particularly effec-
tive for the MTU task. Therefore, we only use MTU-related
datasets, which include the SynTab-SFT with 1.8M samples
and the total 232K training samples mentioned in Sec. 2.1.

5. Experiments
5.1. Implementation Details

Model Configuration. We conduct experiments based on
the well-trained ViT-L/14 [33], ConvNeXt [11], and Vicuna-
1.5 7B [6]. We employ a cosine schedule with a one-cycle
learning rate strategy and utilize a warm-up for the first 3%
of the training process. During the pre-training, we set the
learning rate for the projection layer to 1e-3, and the batch
size to 256. In the fine-tuning, we apply LoRA to Vicuna
with a rank of 128 and learning rate of 2e-4. As for projection
layer, the learning rate is set to 2e-5.

Evaluation Benchmarks and Metrics. To evaluate the
effectiveness of SynTab on MTU, we apply multiple bench-
marks to each MTU subtask. The TQA task consists of
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Table Question Answering Table Fact Verification Table-to-Text Generation
Method LLM Res. TABMWP|WTQ|HiTab | TAT-QA | FeTaQA | AIT-QA | TabMCQ | TabFact | InfoTabs | PubHealthTab| ToTTo | HiTab_T2T | Rotowire | WikiBIO
Acc. Acc. | Acc. Acc. BLEU Acc. Acc. Acc. Acc. Acc. BLEU| BLEU BLEU BLEU
Open-source MLLM
LLaVA v1.57 [22]  Vicuna-1.5 7B 336 6.05 1.24 203 297 8.24 - 18.9 28.31 - 6.40 2.07 1.92 2.34
Vary-toy' [37] Qwen 1.8B 1024 4.42 796 342 8.81 2.44 9.39 - 6.33 6.98 - 0.70 0.27 0.46 0.37
Monkey' [21] Qwen 7B 896 1326 19.07 6.41 12.31 3.41 - 17.89 2256 2211 18.89 3.50 1.12 0.03 2.77
Docowl1.5 [14] LLaMA2 7B 448 1141 26.80 11.10 1244 3.58 46.18 3.21 27.67 2874 28.42 7.60 3.78 0 0
1X2.5 [43] InternLM2 7B 560 26.65 38.09 1529 1943 1029  51.08 18.51 13.72 8.63 9.17 5.50 2.02 2.69 3.04
Ovisl.5[25] LLaMA-3 8B 384 27.37 1500 641 15.67 11.38 1331 12.44 8.28 25.04 18.18 5.20 241 2.34 3.23
InternVL2 8B [4]  InternLM2.5 7B 448 16.51 2509 7.68 13.99 12.14  23.28 40.04 2832  36.63 37.23 6.10 1.53 1.57 2.26
Qwen2-VL 7B [36] Qwen2 7B 26.04 3738 25.19 22.67 10.77  67.12 50.73 1629 39.67 32.6 15.10 2.96 2.50 4.02
TabPedia [45] Vicuna-1.57B 1920 x 2560 12.27 2037 122 971 12.51 17.22 0.87 28.84 9.20 21.01 2.60 1.22 0.03 1.11
Table-LLaVA 7B [46] Vicuna-1.5 7B 336 57.78 1843 10.09 12.82  25.60 5.48 44.51 59.85 6526 51.03 23.00 9.74 10.46 9.68
Table-LLaVA 13B [46] Vicuna-1.5 13B 336 59.77 2041 1085 15.67  28.03 6.06 51.51 65.00 6691 48.46 24.10 10.40 8.83 9.67
Closed-source MLLM
GPT-4V Low-res’ Unknown 512 60.00 2250 9.50 19.50 9.26 19.00 66.00 4550  58.50 59.50 - 1.85 3.89 1.55
GPT-4V High-res' Unknown 768 x 2000 |  60.50  48.00 27.50 32.50 11.04 6250 66.00 4550  65.60 67.00 - 2.98 423 1.94
Ours
SynTab-LLaVA Vicuna-1.5 7B 1536 ‘ 88.30  39.59 35.66 5194 3545 2857 70.55 ‘ 70.78  69.42 68.02 ‘ 34.60 14.16 14.11 14.06

Table 1. Evaluation results on TQA, TFV, and T2T. Blue highlights indicate the best result achieved for each benchmark. § means the results
are cited from Table-LLaVA. For other models, we follow Table-LLaVAs evaluation scripts to fairly test.

seven evaluation sets: WTQ, FeTaQA, HiTab, AIT-QA,
TabMCQ, TAT-QA, and TABMWP. For the TFV task, Tab-
Fact, InfoTab, and PubHealthTab are tested. As for the T2T
task, it includes four benchmarks: ToTTo, HiTab_T2T [5],
Rotowire, and WikiBIO. The final task, TSU, includes six
benchmarks: TSD, TCE, TCL, MCD, RCE, and TR. Among
these benchmarks, some samples are out-of-domain whose
data do not appear in training. We refer to these test samples
as TSD_OOD, TCE_OOD, TCL_OOD, and RCE_OOD, re-
spectively. For FeTaQA in TQA and all benchmarks in T2T,
we use BLEU as the evaluation metric. For other bench-
marks in TQA and TFV, accuracy is applied to assess the
model’s performance. For TSU tasks, we follow the meth-
ods [46, 49] to calculate the metrics. For TSD, we calculate
the accuracy based on the predicted rows and columns. For
TCE and TCL, we compute accuracy at the cell level. For
MCD and RCE, we utilize the F1 score as the evaluation
metric. For TR, we use Tree-Edit-Distance-based Similarity
to score the recognized strings.

5.2. Quantitative Results

We report the quantitative results of the previous MLLM
methods on the tasks TQA, TFV, T2T, and TSU, and com-
pare them with our proposed SynTab-LLaVA.
Performance on TQA. We compare SynTab-LLaVA
with previous MLLM methods, including the open-source
models Qwen2-VL [36] and Table-LLaVA [46], as well as
the closed-source GPT-4V. As shown in Tab. 1, SynTab-
LLaVA achieves top performance, ranking first or second
across 6 benchmarks compared to other MLLMs. Notably,
there are significant performance gains on the TABMWP and
TAT-QA, which are specifically designed for table numerical
calculation. Our method shows an average improvement of
23.6% and 32.4% over GPT-4V and Table-LLaVA, respec-

tively. This enhancement can be attributed to the diverse nu-
merical calculation problems included in SynTab. On WTQ,
our model also outperforms other MLLMs, ranking just be-
low GPT-4V. This may be due to GPT-4V being trained on
the WTQ test sets and having a larger model size. For AIT-
QA, our model achieves an accuracy of 28.57, significantly
lower than Qwen2-VL and 1X2.5. We attribute this to our
method of padding the image to a square based on its longest
edge before resizing. With an average width of 3159 and
height of 600, the extensive padding in the height reduces
the model’s ability to interpret the table content. In contrast,
Qwen2-VL and IX2.5 use image slicing, avoiding excessive
padding. To validate this hypothesis, we compare two MTU
models, TabPedia and Table-LLaVA, which also adopt the
same strategy as ours, and find that their performance on
AIT-QA is similarly low, at 17.22 and 6.06, respectively.
Compared to these two models, our approach shows signifi-
cant improvement in AIT-QA, indicating that the synthesized
data can effectively enhance the performance of TQA tasks.

Performance on TFV. Table Fact Verification tests the
model’s comprehensive abilities in information extraction,
reasoning, multimodal alignment, and knowledge inference
from table images. As shown in Tab. 1, earlier models like
LLavA 1.5 and Monkey [21, 22] can recognize text con-
tent within images but lack understanding of table structure,
which results in a significant performance gap compared to
SynTab-LLaVA. This observation also highlights the distinc-
tion between table images and natural scene images, as the
unique structural information of tables can critically impact
the model’s judgment of textual statements. These results
shown in Tab. 1 demonstrate the effectiveness of our SynTab.
Training it jointly with the manually annotated MTU dataset
enhances the MTU model’s performance on TFV task.

Performance on T2T. As shown in Tab. 1, existing meth-
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Method LLM Res. TSD TSD_OOD | TCE |TCE_OOD | TCL | TCL_.OOD [MCD RCE RCE_OOD TR
Row | Col. | Row | Col. Row | Col. | Row | Col. | HTML | Markdown | LaTex
Acc Acc. Acc. Acc. Fl1
Acc. | Acc. | Acc. | Acc. F1 | Fl1 F1 | F1 |TEDS| TEDS |TEDS
Open-source MLLM
LLaVA v1.5 [22] Vicuna-1.5 7B 336 0.80 250 240 - 022 - 0.62 0.93 126 166 4.13 - - 12.88 10.74 1.55
Vary-toy [37] Qwen 1.8B 1024 130 220 - - 1.96 - 0.73 - 052 201 238 - - 10.13 12.72 11.67
Monkey [21] Qwen 7B 896 0.80 0.60 - - 1.46 0.76 1.31 - 0.67 3.89 453 429 - 2196 13.29 4.54
Docowll.5 [14] LLaMA2 7B 448 020 1.50 0.40 0.80 1.00 1.80 0 0 0 240 4.60 060 130 7.40 5.30 0
1X2.5 [43] InternLM2 7B 560 1.60 8.00 2.40 12.40 3.66 3.80 1.25 3.13 230 0.17 0.09 0 0 2691 62.84 3145
Ovisl.5 [25] LLaMA-3 8B 384 5.40 13.00 7.60 16.40 4.69 5.64 2.39 333 242 13.19 20.30 26.43 37.84 4431 67.21 43.02
InternVL2 8B [4]  InternLM2.5 7B 448 7.70 34.10 12.40 40.80 11.59 12.36 4.86 9.45 079 146 986 1.11 6.95 48.15 70.00  49.21
Qwen2-VL 7B [36] Qwen2 7B - 4.70 1530 520 20.40 9.10 8.35 3.86 6.13 1.03 17.14 23.07 21.52 30.39 32.95 7597 4491
TabPedia [45] Vicuna-1.5 7B 1920 x 2560 2.80 10.20 4.80 12.40 0.16 0.11 0 0 0 1.53 373 1.62 121 0 1291 0
Table-LLaVA 7B [46]  Vicuna-1.5 7B 336 33.10 33.20 25.20 16.40 19.45 11.28  29.31 26.10 17.14 31.43 37.93 21.97 18.14 50.24 4482  46.11
Table-LLaVA 13B [46] Vicuna-1.5 13B 336 34.40 27.60 31.60 14.80 19.53 11.38  29.68 26.17 16.52 31.07 41.49 21.94 18.67 51.44 46.00  46.50
Closed-source MLLMs
GPT-4V Low-res Unknown 512 6.00 24.00 8.00 15.00 3.57 10.29 14.41 17.73 2.12 30.32 56.86 27.69 50.36 41.55 4574 3446
GPT-4V High-res Unknown 768 x 2000 12.50 46.00 19.00 38.00 9.75 1436 2338 2791 3.50 26.44 43.17 48.52 57.14 48.58 60.58  37.66
Ours
SynTab-LLaVA Vicuna-1.5 7B 1536 56.20 82.40 51.60 62.80 50.29 4490  60.80  51.33 52.93 54.16 73.33 51.73 55.55 74.58 79.17 7642

Table 2. Evaluation results on TSU. For any benchmark, we consider SynTab-LLaVA to be the best only when it outperforms other methods

across all metrics.

SynTab-Pre  SynTab-SFT | TQA  TFV T2T TSU
- - 41.03 65.62 17.60  54.02

v - 41.52 65.69 18.10 55.71

AN +0.49  +0.07 +0.50 +1.69

- v 45.00 68.07 18.88  58.15

AN +3.97 +2.45 +1.28 +4.13

v v 4589 6893 19.07 5856

A +4.86  +3.31 +1.47 +4.54

Table 3. The Effectiveness of SynTab. A represents the perfor-
mance gap compared to the baseline.

ods generally perform poorly on these benchmarks. This is
because the available training data for these tasks is limited,
and most general MLLMs have not been trained on these
datasets. Table-LLaVA, however, shows improved perfor-
mance as it utilizes the T2T training set. In contrast, we add
synthetic T2T data for training. Although this data does not
fully align with the question types of these three benchmarks,
it still aids the T2T task and achieves SOTA performance
across all test sets.

Performance on TSU. This task primarily assesses the
MLLM’s ability to understand basic structural information of
table images and its OCR perception capabilities. Leverag-
ing the 636K synthesized table images generated in Sec. 3.1
for pre-training and hybrid multi-resolution vision encoder
significantly enhances the models comprehension of table
structures and content, leading to substantial performance
improvements. As shown in Tab. 2, SynTab-LLaVA achieves
SOTA performance on all in-domain benchmarks, demon-
strating the effectiveness of SynTab-Pre. Furthermore, while
the model’s performance drops on out-of-domain bench-
marks, it still significantly outperforms other methods. This
suggests that the diversity of rendered images in our SynTab
has greatly improved the model’s generalization ability on

ConvNeXt ViT-L/14 TQA TFV T2T TSU
- v 35.78 6470  14.18 44.46

v - 45.12 68.18 18.76 57.91
A +9.34 4348 +4.58 +13.45

v v 45.89 68.93  19.07 58.56
A +10.11  +4.23 +4.89 +14.10

Table 4. The Impact of Hybrid Multi-resolution Vision Encoder.

the TSU task.
5.3. Ablation Studies

In this section, we explore the effectiveness of the proposed
SynTab and SynTab-LLaVA separately. To reduce train-
ing time, we randomly select 20% of the SynTab-Pre and
SynTab-SFT data for ablation study.

Effectiveness of SynTab. We conduct the following ex-
periments to verify that the synthesized SynTab can assist
the manually annotated data in enhancing the performance
of MTU models and the results are shown in Tab. 3. The
first two columns indicate whether SynTab is used in the pre-
training and fine-tuning stages, respectively. The second row
indicates that training is conducted using only manually an-
notated data, resulting in relatively low average performance
across the four tasks. When SynTab-Pre is introduced during
pre-training, a significant improvement is observed in the
TSU compared to other tasks. This enhancement stems from
the table recognition task during pre-training, which strength-
ens the models basic understanding of table structures, hence
making the additional training data particularly beneficial
for the TSU task. In the seventh row, both SynTab-Pre and
SynTab-SFT are used, leading to a marked overall perfor-
mance improvement. These results indicate the effectiveness
of our synthesized data. Despite occasional labeling errors in
SynTab, its combination with human-annotated data proves
beneficial in optimizing the MTU model, demonstrating a
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Figure 4. Visualization on WTQ and TAT-QA samples, where yellow and green highlights represent the correct and incorrect answers of the
model, respectively. The red rectangular boxes indicate the table cells relevant to the question.

positive effect.

Impact of Hybrid Multi-resolution Vision Encoder. As
shown in Tab. 4, we experiment with different vision en-
coders to evaluate their performance. In SynTab-LLaVA,
we propose a hybrid multi-resolution vision encoder to cap-
ture both global structural information and local cell OCR
content at different resolutions. The high-resolution en-
coder, ConvNeXt, effectively captures rich textual informa-
tion within each cell region, enhancing OCR perception [8—
10, 32, 47, 50]. In contrast, the low-resolution encoder ViT-
L/14 leverages global self-attention to learn structural fea-
tures. The results in this table demonstrate that the synergy
between these two vision encoders significantly enhances the
model’s ability to understand both the structure and content
of table images.

5.4. Visualization

In this part, we visualize the outputs of general MLLM
Qwen2-VL and tabular MLLM Table-LLaVA on two sam-
ples from WTQ and TAT-QA, as shown in Fig. 4. In the left
figure, due to the several merged cell areas in table, both
Qwen2-VL and Table-LLaVA fail to accurately associate
the year with the corresponding shirt sponsors, resulting in
incorrect answers. Table-LLaVAs response is particularly
inaccurate, even producing a year not present in the table,
highlighting its limitations in textual extraction of table con-
tent. In contrast, our method accurately extracts text from
each cell in complex table and effectively establishes asso-
ciations between cells, demonstrating its effectiveness. The
above visualizations effectively validate that SynTab-LLaVA
can accurately understand table images and provide precise
answers based on user questions. Additional visualizations
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are provided in the Supplementary Material.

6. Limitation

Although SynTab-LLaVA significantly enhances MTU per-
formance, several limitations remain to be discussed. First,
the synthetic dataset SynTab contains some erroneous anno-
tations, which may hinder the model from learning optimal
parameter states. Second, both manually labeled datasets
and SynTab are used for academic research, primarily cov-
ering data from sources like Wikipedia, web screenshots,
and financial reports, efc. However, in industrial scenarios,
table images are often subject to various conditions such as
rotation, occlusions, deformations, and perspective transfor-
mations, leading to substantial performance degradation in
MTU models.

7. Conclusion

This paper analyzes the shortcomings of existing MTU data
annotation methods, mainly including hallucinations and
high costs, and presents a novel synthesis approach that is
low-cost, efficient, and robust. Specifically, we decouple the
synthesis of MTU samples into two independent steps: table
image rendering and table question and answer pairs genera-
tion. Using this approach, we generate the large-scale, MTU
dataset SynTab, which includes 636K images and 1.8M train-
ing samples, with the total cost under $200. Furthermore,
we propose SynTab-LLaVA, a hybrid multi-resolution multi-
modal table understanding model designed to improve the
comprehension of both textual and structural information
within table images. Experimental results demonstrate that
our approach significantly outperforms existing MLLMs and
the powerful GPT-4V across multiple benchmarks.
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