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Abstract

Multimodal table understanding, which aims for a compre-
hensive grasp of table content by integrating cellular text,
tabular structure, and visual presentation, remains a core yet
challenging area of research. We identify that the structural
complexity of a table, quantifiable by intrinsic properties
such as the ratio of merged cells and the total number of
cells, presents a significant obstacle for existing models. Our
empirical analysis reveals that the performance of leading
Multimodal Large Language Models (MLLMs) deteriorates
markedly as table complexity increases, exposing a critical
vulnerability in their ability to perceive and reason over in-
tricate tabular data. To address this challenge, we propose
MM-Table-R1, a model enhanced through difficulty-aware
reinforcement learning (RL) post-training strategy. Specifi-
cally, we introduce both task-level and data-level curriculum
learning. The task-level curriculum is designed to establish a
capability ladder, where the model first learns basic percep-
tual and semantic alignment of table data, and then progresses
to acquiring multi-step reasoning capabilities. The data-level
curriculum ensures that the model is not exposed to difficult
samples prematurely, facilitating a more gradual and effective
learning process. Furthermore, we invest considerable effort
in constructing a high-quality, large-scale training corpus by
curating and processing data from diverse open-source table
datasets, ensuring that each instance is paired with an objec-
tively verifiable reward signal. Demonstrating exceptional pa-
rameter efficiency, our 3B-parameter model sets a new bench-
mark by surpassing both established 3B and 7B models, in-
cluding those specifically designed for table reasoning.

1 Introduction

Multimodal table understanding (MTU) involves compre-
hending and reasoning about data by integrating textual con-
tent, structural layout, and visual cues such as fonts, colors,
and alignment (Zheng et al. 2024; Lu et al. 2025; Zhang et al.
2025b; Cheng et al. 2025). This process requires models to
not only understand semantic information but also interpret
complex visual and spatial formatting, enabling them to per-
form tasks such as Table Question Answering (Pasupat and
Liang 2015; Wu et al. 2025), Table Fact Verification (Chen
et al. 2019), and Table Reconstruction (Baek et al. 2023).
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Figure 1: Performance of Qwen2.5-VL in relation to the ra-
tio of merged cells and the total number of cells. Both the
WTQ and HiTab datasets contain instances with merged
cells. For the WTQ dataset, model accuracy is evaluated
based on the original question-answer pairs. For the HiTab
dataset, model performance is assessed by the accuracy of
table reconstruction.

The widespread presence of tabular data in essential docu-
ments, ranging from financial reports and scientific publica-
tions to web pages, establishes multimodal table understand-
ing as a critical research area with substantial real-world ap-
plications (Tian et al. 2025; Zhang et al. 2025a).

Previous approaches to multimodal table understanding
can be broadly categorized into multi-stage and end-to-end
methods. Multi-stage methods (Wang et al. 2024; Li et al.
2024; Lei et al. 2025) initially utilize tools such as Op-
tical Character Recognition (OCR) to extract a structured
representation (e.g., Markdown, HTML) from a table im-
age, which is then processed by a Large Language Model
(LLM) for analysis. The performance of these methods is
heavily dependent on the accuracy of the OCR step, making
them prone to cumulative errors and often computationally
expensive. In contrast, end-to-end approaches that leverage
Multimodal Large Language Models (MLLMs) to directly
process raw table images represent a more promising di-



rection due to their enhanced adaptability (Ye et al. 2023;
Liu et al. 2024d, 2023). Early works in this domain, such as
Table-LLaVA (Zheng et al. 2024) and TabPedia (Zhao et al.
2024), focused on improving visual perception through Su-
pervised Fine-Tuning (SFT). More recent models, such as
Turbo (Jiang et al. 2025), have incorporated Reinforcement
Learning (RL) to enhance multi-step reasoning capabilities.

However, a critical yet largely overlooked issue is the pro-
nounced sensitivity of contemporary MLLMs to the inher-
ent structural complexity of tables. We propose to quantify
this complexity using two key intrinsic metrics: the ratio of
merged cells and the total number of cells (detailed in Sec-
tion 3). Our empirical analysis substantiates this vulnerabil-
ity. As illustrated in Figure 1, when evaluating Qwen2.5-
VL (Bai et al. 2025) on the WTQ (Pasupat and Liang 2015)
question-answering and HiTab (Zhu et al. 2021) table recon-
struction benchmarks, we observe a significant performance
degradation that directly correlates with an increase in table
complexity. We diagnose this as a failure in visuo-structural
perception when encountering intricate table layouts. This
perceptual deficit creates a critical bottleneck for training,
particularly within a reinforcement learning context (Bengio
et al. 2009). A standard, uniform sampling strategy lacks a
structured curriculum and often confronts the learning agent
with highly complex tables prematurely. This approach can
overwhelm the agent, leading to training instability and im-
peding the development of the foundational skills necessary
for a robust and generalizable policy (Yang et al. 2025b; Qiu
2025; Yang et al. 2025a).

To address the aforementioned issues, we introduce MM-
Table-R1, a model enhanced with a difficulty-aware rein-
forcement learning post-training strategy. Specifically, we
incorporate both task-level and data-level curriculum learn-
ing. The task-level curriculum aims to build a progressive
capability ladder, guiding the model to first perceive tables
before advancing to reasoning over tables. In the first stage,
we introduce table reconstruction tasks to help the model de-
velop basic perceptual and semantic alignment skills for ta-
ble data. In the second stage, we employ verifiable answer-
based rewards to stimulate the model’s multi-step reason-
ing ability. The data-level curriculum ensures that the model
is not prematurely exposed to excessively difficult samples,
thereby fostering a more gradual and stable learning process.
This difficulty is determined by both the inherent properties
of the table and the model’s foundational performance.

To support this framework, we collected, curated, ren-
dered, and filtered a large-scale dataset of high-quality
training pairs with verifiable rewards from public bench-
marks (Lu et al. 2022; Zheng et al. 2024). Our experiments
demonstrate that MM-Table-R1, built upon a 3B parameter
backbone, achieves substantial improvements across a vari-
ety of table understanding tasks, including WTQ (Pasupat
and Liang 2015), TabMWP (Lu et al. 2022), HiTab (Cheng
et al. 2021), TAT-QA (Zhu et al. 2021), TabFact (Chen
et al. 2019), InfoTabs (Gupta et al. 2020), TableVQA-
Bench (Kim, Yim, and Song 2024), and more. Our 3B-
parameter MM-Table-R1 showcases exceptional parameter
efficiency, establishing a new state-of-the-art by outperform-
ing established 3B and even 7B models, including those
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specifically architected for table reasoning.
In summary, our main contributions are as follows:

* We empirically demonstrate that intrinsic table proper-
ties, specifically the ratio of merged cells and the to-
tal number of cells, are significant predictors of perfor-
mance degradation in Multimodal Large Language Mod-
els (MLLMs), highlighting a critical vulnerability in their
ability to process complex table structures.

* We introduce MM-Table-R1, a model enhanced with
a difficulty-aware reinforcement learning (RL) post-
training strategy, which integrates both task-level and
data-level curriculum learning to effectively address the
challenges posed by complex table data.

* We construct a large-scale, high-quality dataset with
verifiable rewards, curated from diverse public corpora,
which serves as a valuable resource for training advanced
table understanding models.

* Through extensive experiments, we demonstrate that
our 3B-parameter MM-Table-R1 model achieves state-
of-the-art performance, outperforming both established
3B models and even larger 7B models, including those
specifically designed for table reasoning tasks.

2 Related Work
Table Understanding

Table Understanding (TU) has become a key task in natu-
ral language processing and information extraction, evolv-
ing significantly in recent years (Shigarov 2023).

Early table understanding methods, including many mod-
ern approaches based on LLMs, were built on a core as-
sumption: the input table must first be converted into a deter-
ministic textual sequence, such as Markdown or HTML for-
mat. In this paradigm, models perform tasks such as ques-
tion answering and fact-checking by processing linearized
text (Wu et al. 2025; Jin et al. 2025; Lei et al. 2025; Li
et al. 2024; Su et al. 2024; Borisova et al. 2025). How-
ever, in many practical scenarios, obtaining high-quality tex-
tual representations of tables is highly challenging. Tables in
real-world documents are often embedded as images in PDF
reports, scanned documents, or webpage screenshots, mak-
ing their accurate extraction a lossy task. More importantly,
these methods struggle to capture complex visual layouts,
hierarchical structures, and non-textual elements, which are
crucial for comprehensive table understanding.

To overcome the limitations of text-based ap-
proaches, Multimodal Table Understanding (MTU)
has emerged (Zheng et al. 2024; Singh, Biemann, and
Strich 2025). In MTU, models are tasked with generating
accurate responses to a variety of table-related queries
based on table images. While the accessibility of data in
real-world scenarios makes MTU increasingly promising,
it also introduces two significant challenges: (1) Correct
Perception of Multimodal Information: Models must
accurately interpret the table’s structure, recognize relation-
ships between textual and visual elements, and effectively
integrate cross-modal information; and (2) Complex Multi-
step Reasoning: MTU extends beyond simple information



retrieval, requiring models to exhibit multi-step logical
and numerical reasoning capabilities. These challenges
remain at the core of ongoing research in the field, and they
serve as the motivation behind our design of the task-level
curriculum learning approach (Yang et al. 2025a).

Multimodal Large Language Models

Multimodal Large Language Models represent a significant
evolution in artificial intelligence, extending the capabilities
of traditional Large Language Models (LLMs) beyond text
to process and reason over a diverse range of data modali-
ties, including images, audio, and video (Zhang, Chen, and
Zhang 2025; Hua et al. 2025). This integration enables a
more comprehensive and human-like understanding of com-
plex, real-world information, thereby facilitating their appli-
cation across a wide array of vision-language tasks, such
as detailed image captioning (Liu et al. 2024c; Chen et al.
2024), visual question answering (Bai et al. 2025), and vi-
sual document understanding (Liu et al. 2024b; Cao et al.
2023).

A common approach in MTU is adapting general-purpose
MLLMs to the specific needs of table-related tasks. For
example, Table-LLaVA uses a table-centric dataset for su-
pervised fine-tuning, significantly enhancing the LLaVA
model’s table understanding capabilities (Zheng et al. 2024).
TabPedia introduces a concept synergy mechanism that im-
proves the alignment of semantic and structural cues from
source-perceived embeddings, boosting the model’s com-
prehension of table content (Zhao et al. 2024). HIPPO em-
ploys a modality-consistent strategy for sampling model re-
sponses from hybrid-modal tables, enhancing diversity and
reducing modality bias during preference optimization train-
ing (Liu et al. 2025b; Rafailov et al. 2023).

Reinforcement Learning

Reinforcement Learning (RL) has become one of the most
mainstream and powerful techniques in the post-training
phase of large models. This method has evolved from early
RLHF (Ouyang et al. 2022) for aligning human preferences
to the later GRPO (Shao et al. 2024) algorithm, which signif-
icantly improves model reasoning using verifiable rewards,
undergoing extensive research. In the multimodal domain,
NoisyRollout (Liu et al. 2025a) adds noise to images dur-
ing training to enhance robust image understanding, R1-
ShareVL (Yao et al. 2025) performs semantic alignment
transformations on prompts to improve their adaptability,
and Point-RFT (Ni et al. 2025) leverages external models
to describe specific regions of images.

Although reinforcement learning can enhance a model’s
reasoning abilities, it often faces issues with training insta-
bility. Curriculum learning (Bengio et al. 2009) is a common
approach to address this problem. It guides the agent’s train-
ing by designing a sequence of tasks or environments that
gradually increase in difficulty (Zhang et al. 2025c¢).

The work most closely related to ours is Turbo (Jiang et al.
2025), which distills CoT data from DeepSeek-R1 (Guo
et al. 2025) for table question answering and uses SFT to
bridge the input modality gap. In contrast, our approach in-
tegrates RL throughout the entire post-training phase, from

757

perception to reasoning. Moreover, we introduce a novel
data-level curriculum learning framework to guide the entire
RL training process, ensuring stable learning and capability
enhancement on complex tables.

3 Method

This section provides an overview of the approach devel-
oped for MM-Table-R1, with the structure shown in Fig-
ure 2. We begin by discussing our motivation, followed
by the background of reinforcement learning. Finally, we
present our task-level and data-level curriculum learning
strategies, as well as the construction of our dataset.

Motivation

Multimodal table understanding directly processes visual in-
puts, enabling the interpretation of rich structural and se-
mantic information that is often lost in text serialization.
However, we empirically observed that as tables became
more complex, the model’s performance significantly de-
clined, suggesting that the model is highly sensitive to the
inherent complexity of the tables.

To quantify table complexity, we introduce two metrics
derived from its structural properties: the ratio of merged
cells and the total number of cells. Let a table 7" be repre-
sented by a set of L cells. For each cell 4, let ¢;, m; and
n; denote its content, rowspan and colspan, respectively.
For a non-merged cell, m; = n; = 1. First, we define
the theoretical maximum number of cells in the table as
N=> , M4, which represents the total number of funda-
mental grid cells the table would occupy if unrolled. Based
on this, we define the ratio of merged cells, R, as:
S F(my - mi — 1) L

where a value of R = 0 indicates a table with no merged
cells, while a value approaching 1 signifies a highly com-
plex structure dominated by merged cells. Geometrically,
this metric quantifies the proportion of the table’s area that
is occupied by merged cells. For our second metric, we di-
rectly adopt the theoretical maximum number of cells N,
because it more faithfully captures the true visuo-structural
complexity and perceptual load that the table presents.

In our experiments, we selected two test sets with merged
cells, WTQ (Pasupat and Liang 2015) and HiTab (Cheng
et al. 2021). As shown in Figure 1, the performance of
Qwen2.5-VL declines as table complexity increases. This
finding highlights a critical bottleneck: models struggle with
the foundational perception of complex table structures, and
confronting them with such difficult examples prematurely
may render the training process inefficient and unstable.
This insight is the primary motivation for our methodology.
We argue that instead of a standard, mixed-difficulty training
regimen, a structured curriculum is necessary. This approach
becomes not merely beneficial but essential when leveraging
reinforcement learning for post-training. An RL agent ex-
posed to overwhelmingly difficult tasks from the outset will
receive sparse and uninformative rewards, leading to policy
collapse. Therefore, our proposed task-level and data-level

R = (1)
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Figure 2: Overview of the difficulty-aware reinforcement learning. It consists of task-level and data-level curriculum learning.

curriculum learning provides a requisite structured pathway,
enabling the model to first master fundamental table percep-
tion before progressively tackling complex reasoning, ensur-
ing a stable and effective learning trajectory.

Group Relative Policy Optimization

We first provide a formal overview of the reinforcement
learning framework. Inspired by recent advances in reason-
ing models, our approach utilizes the Group Relative Policy
Optimization (GRPO) algorithm (Shao et al. 2024). The key
innovation of GRPO is its elimination of the conventional
critic model, a component often comparable in size to the
policy model itself. Instead, GRPO directly estimates the re-
ward baseline from group-level scores, removing the need
for a separate critic network. Formally, let ¢ denote a query
and {0;}$_ | be a set of outputs sampled from the old policy
To1d> GRPO maximizes the following objective:

Jarpo(9) = Equp(@),{0i}~m0,,,

G
é > <mm (ri(0) Az, clip (ri(0),1 — e, 1 4 ¢) 4;)
1=1

2)
— BDkr (W9||Wref)>]
~ m(oilq)
i) = (i) @
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where € is a hyper-parameter, [ is the coefficient control-
ling the KL divergence penalty term, and 7y and m.¢ de-
note the current and reference policies, respectively. A; rep-
resents the normalized score indicating the relative quality
of the i-th response:

R; —mean({Ry,...,Rg})
std({R1,...,Ra})

where R; is the reward of i-th response.

Task-level Curriculum Learning

Our task-level curriculum learning follows a paradigm that
first guides the model to perceive tables, and then to perform
reasoning over tables.

Stage 1 involves the table reconstruction task, which aims
to enhance the model’s fundamental ability to perceive and
understand table data. Unlike previous approaches that uti-
lize SFT (Jiang et al. 2025), this stage incorporates rein-
forcement learning. This decision arises from the recogni-
tion that table reconstruction is not merely a simple OCR
task; it requires the model to develop a comprehensive un-
derstanding of spatial layouts, attribute relationships, and,
critically, the logic of merged cells. This task demands
advanced visual reasoning, making RL a more effective
paradigm than SFT to develop these reasoning capabilities.
On the other hand, SFT generally leads to a degradation in
the model’s out-of-domain ability, which is detrimental to
subsequent reasoning tasks (Chu et al. 2025).



While existing table datasets often employ formats such
as Markdown, HTML, or CSV, we choose the HTML for-
mat. This decision is based on three key advantages: (1)
HTML effectively captures the structure of merged cells in
tables through the use of colspan and rowspan attributes, (2)
it is widely used in web data, and (3) leading multimodal
models, such as Qwen2.5-VL, use the HTML format during
their pretraining phase, enabling our post-training process to
leverage its inherent table understanding capabilities.

To incentivize the model to capture fine-grained table con-
tent, we introduce Table Verification Reward. Specifically,
we extract the information of each cell in an ordered manner
from the sampled response, including the predicted cell con-
tent ¢;, rowspan M, and colspan ;. These predictions are
then compared against the ground truth on a cell-by-cell ba-
sis to compute the proportion of correct predictions, which
serves as the table reconstruction reward R,:

o Zq H(C}-=ci)/\(7?zi=mi)/\(ﬁi=n,y) TR (5)
N
where I is an indicator function that equals 1 only when all
conditions are satisfied. This reward formulation provides
fine-grained feedback by assigning higher rewards to cor-
rectly predicted merged cells, weighted according to their
occupied area. The theoretical maximum number of cells A/
ensures that the reward is normalized between 0 and 1.
Stage 2 involves regular GRPO training, which primar-
ily enhances the model’s multi-step reasoning capabilities
through explicit prompting strategies. Specifically, we em-
ploy an instruction template that guides the model to per-
form internal reasoning before generating its final answer:
“You FIRST think about the reasoning process as an internal
monologue and then provide the final answer. The reasoning
process MUST BE enclosed within <think> </think>
tags. The final answer MUST BE put in \boxed{}”. This
structured prompting encourages the model to explicitly sep-
arate reasoning from answer generation, leading to more
interpretable and verifiable outputs during reinforcement
learning. Accordingly, the overall reward consists of two key
components: the format reward R, and the accuracy re-
ward R,.., which measures the correctness of the model’s
final prediction:

Rtr

R = Rformat + Racc (6)

This two-stage training framework equips the model with
the ability to interpret table structures effectively and to per-
form accurate reasoning for complex table-centric tasks.

Data-level Curriculum Learning

GRPO inherently struggles when the model encounters
overly difficult samples: a full batch of incorrect responses
leads to zero estimated advantage, blocking effective gradi-
ent updates. In our preliminary experiments under random
sampling (Figure 3), we observed that the model initially
failed to make progress, which we attribute to early expo-
sure to high-complexity tables that disrupted its ability to
gradually adapt to the task.

To this end, we apply a data-level curriculum learning
strategy that organizes training data by a progressively in-
creasing difficulty metric, promoting more stable model
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Figure 3: Training curve under random sampling. The
model’s reward initially decreases before increasing again,

indicating instability in the training process.

convergence. The difficulty of each sample is defined by two
factors: (1) the intrinsic properties of the sample, such as the
ratio of merged cells and the total number of cells, and (2)
the difficulty of samples relative to the current model’s per-
formance. For each sample, the model generates 8 answers,
and we compute the failure rate F accordingly. Furthermore,
we filter out samples where all answers are correct, as ex-
cessively simple samples can also result in a zero-advantage
scenario. Formally, the overall difficulty of a sample is de-
fined as follows:

D =R+ alog(N) +F (7N

where « is a hyperparameter. The logarithm of N is ap-
plied because the complexity growth driven by quantity is
non-linear. For example, the increase in perceptual difficulty
when the cell number grows from 10 to 100 is different from
when it grows from 1000 to 1100. This simple approach en-
ables direct numerical alignment.

Data Construction

We construct our training dataset entirely from open-source
data, ensuring that each sample contains a table image,
the corresponding HTML sequence, and a question-answer
pair. The data sources include TabMWP (Lu et al. 2022),
WTQ (Pasupat and Liang 2015), HiTab (Cheng et al. 2021),
TAT-QA (Zhu et al. 2021), FeTaQA (Nan et al. 2022), Tab-
Fact (Chen et al. 2019), InfoTabs (Gupta et al. 2020), and
ToTTo (Parikh et al. 2020). For datasets originally provided
in CSV or Markdown formats, we customize and apply rule-
based scripts to convert tables into HTML format, ensuring
content consistency. For datasets without table images, we
render them following procedures from prior work (Zheng
et al. 2024; Ye et al. 2023). In cases like FeTaQA, where
questions and final answers cannot be directly aligned, we
use DeepSeekV3 (Liu et al. 2024a) to separate the corre-
sponding question-answer pairs.

4 Experiments
Experimental Setup

Implementation Details. We construct MM-Table-R1 on
Qwen2.5-VL-3B. For each stage, we perform reinforcement
learning training with a batch size of 256 for two epochs.



Method Question Answering Fact Verification Res.
TabMWP WTQ HiTab TAT-QA FeTaQA TabFact InfoTabs ToTTo
InternVL-2.5-8B 90.88 43.19 4594 34.97 48.30 66.46 55.50 36.34
MiniCPM-V-2.6-8B 83.68 4797 56.53 51.55 58.30 78.48 73.03 54.88
HIPPO-8B 87.34 55.71 63.13 61.40 59.43 82.29 75.70 -
HIPPO-8B w/o ST 85.83 49.10 57.23 62.22 57.73 80.20 72.74 58.00
Table-LLaVA-7B 53.20 16.62  7.87 10.49 20.78 57.62 66.78 8.76
TabPedia-7B 10.66 23.53 6.54 13.08 19.08 35.49 243 2.15
SynTab-LLaVA-7B 88.30 39.59 35.66 51.94 - 70.78 69.42 -
Ovis2-8B 92.00 58.76  68.59 47.67 61.64 80.80 74.11 60.01
Ovis2-CoT-8B 92.12 60.80 6643 48.70 62.98 81.61 72.46 63.21
Qwen2.5-VL-3B 82.15 56.60 63.42 55.50 57.25 72.15 56.40 48.61
Qwen2.5-VL-7B 92.48 65.85 67.09 70.54 59.06 83.01 77.91 51.92
Turbo-8B 96.75 67.80 72.15 73.21 - 85.81 81.89 -
MM-Table-R1-3B 97.10 74.58 76.14 74.52 69.53 87.13 85.31 78.67

Table 1: Comprehensive performance comparison of MM-Table-R1-3B against contemporary state-of-the-art models across
8 table understanding benchmarks. The tasks span question answering, fact verification, and table reconstruction (Res.). Our
3B parameter model sets new leading records on all benchmarks, consistently surpassing larger models such as Turbo-8B and
Qwen2.5-VL-7B. The lack of open-source access to Turbo and SynTab-LLaVA has prevented a fully aligned evaluation.

Method Fin. VWTQ Syn. VTab. AVG.
InternVL2.5 95.2 55.0 604 732 65.6
HIPPO-8B 89.6 48.9 56.8 81.2 62.3
Ovis2-8B 92.4 59.6 624 8438 69.7
Base-3B 96.0 514 59.6  73.6 63.9
Base-7B 97.6 58.5 66.8 81.6 70.2
ours 98.0 69.2 75.6 904  78.6

Table 2: The zero-shot evaluation results on the held-out
TableVQA-Bench. Our model achieves a significant lead,
demonstrating its strong generalization ability.

We use the AdamW optimizer with a learning rate of 1e-6
and a weight decay of le-2. Each prompt is sampled with
8 candidate responses, and the maximum response length is
2000. The KL penalty term £ is set to 0.01, and « is set to
0.5 by default.

Evaluation Benchmarks. Following prior work (Liu
et al. 2025b; Jiang et al. 2025), we evaluate our model’s ta-
ble reasoning ability across a suite of public benchmarks,
which include both synthetic and real-world data. We pri-
marily use accuracy as the performance metric. Specifi-
cally, for the table question answering task, we utilize the
TabMWP (Lu et al. 2022), WTQ (Pasupat and Liang 2015),
HiTab (Cheng et al. 2021), TAT-QA (Zhu et al. 2021), and
FeTaQA (Nan et al. 2022) datasets. In the case of FeTaQA,
we employ DeepSeek-V3 (Liu et al. 2024a) to separate the
questions from their corresponding final answers. For the ta-
ble fact verification task, we conduct evaluations using the
TabFact (Chen et al. 2019) and InfoTabs (Gupta et al. 2020)
datasets. For the table reconstruction (Res.) task, we report
the performance on ToTTo (Parikh et al. 2020) using the Ry,
metric, which represents cell-level accuracy. We also assess
held-out performance in a zero-shot setting on TableVQA-
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Bench (Kim, Yim, and Song 2024).

Comparison Methods. To provide a comprehensive
comparison, we primarily evaluate our model against state-
of-the-art open-source general-purpose MLLMs, such as
Qwen2.5-VL series (Bai et al. 2025), InternVL-2.5 (Chen
et al. 2024), MiniCPM-V-2.6 (Yao et al. 2024), and
Ovis2 (Lu et al. 2024), as well as task-specific MLLMs
for table-related tasks, including Table-LLaVA (Zheng et al.
2024), TabPedia (Zhao et al. 2024), HIPPO (Liu et al.
2025b), and SynTab-LLaVA (Zhou et al. 2025). We also
compare with Turbo (Jiang et al. 2025), a concurrent work,
despite its data and models not being released, as it remains
a strong reference for multimodal table understanding.

Main Results

To comprehensively evaluate our model’s performance,
we conduct a comparative analysis against current lead-
ing MLLMs on eight widely recognized table understand-
ing benchmarks, with detailed results presented in Table 1.
The results clearly demonstrate that our MM-Table-R1-3B
model achieves new state-of-the-art performance across all
evaluated benchmarks. It is particularly noteworthy that de-
spite being a 3B parameter model, its performance sur-
passes that of competitors with significantly larger param-
eter counts, such as Qwen2.5-VL-7B. Especially, Turbo-8B,
a model specifically designed for table reasoning, serves
as a strong baseline for our method. In Question Answer-
ing tasks, MM-Table-R1-3B demonstrates a comprehensive
lead. On benchmarks like TabMWP, it surpasses the pre-
vious best model, Turbo-8B, with a score of 97.10. On
more challenging datasets such as WTQ and HiTab, our
model’s advantage is even more pronounced. Furthermore,
in Fact Verification tasks, which require precise reasoning,
our model also sets new performance records on TabFact and
InfoTabs with accuracies of 87.13 and 85.31. Notably, in the



Method HiTab TabFact ToTTo TableVQA
Base 63.42 72.15 48.61 63.94
+SFT 67.91 79.78 65.33 62.73
+S1 66.83 73.27 78.71 64.33
+S2 71.21 83.53 55.32 72.06
+SFT+S2  72.13 82.19 63.61 73.93
ours 76.14 87.13 78.67 78.60

Table 3: Ablation study on different training strategies. We
use S1 and S2 to represent Stage 1 and Stage 2, respectively.

Table Reconstruction task, MM-Table-R1-3B outperforms
the previous best model by a significant margin, demonstrat-
ing its strong capabilities in understanding table structure
and content generation.

As shown in Table 2, we also perform a zero-shot eval-
uation on the held-out TableVQA-Bench dataset, aiming to
assess its generalization ability. Our model achieved opti-
mal performance across the average scores, demonstrating
exceptional generalization capability. These zero-shot re-
sults on unseen datasets strongly validate that our model
not only excels on standard benchmarks but also exhibits
strong generalization ability, effectively transferring learned
knowledge to new challenges.

Ablation Study

The impact of training strategies on performance. We
evaluated the model’s performance under four scenarios: us-
ing only SFT, performing only Stage 1 training, performing
only Stage 2 training, and replacing Stage 1 with SFT. As
shown in Table 3, the SFT training strategy yields significant
performance gains on in-domain tasks but shows a slight de-
cline in performance on out-of-domain tasks. This suggests
that while SFT enhances the model’s ability to fit known task
patterns, it may sacrifice some generalization ability, lead-
ing to reduced adaptability in new domains. Next, Stage 1
training alone also results in a modest improvement in the
model’s overall reasoning performance. This phenomenon
demonstrates that enhancing the model’s table perception
ability is a crucial prerequisite for improving performance
on more complex reasoning tasks. However, using SFT for
table perception weakens the model’s overall generalization
ability, and the improvement in perception capability is also
limited. Stage 2 training alone also significantly boosts the
model’s reasoning ability, further validating the tremendous
potential of applying reinforcement learning strategies to ta-
ble tasks. These findings show that Stage 1 builds a solid
table perception foundation, while Stage 2 refines reasoning
through RL, with both stages together leading to excellent
performance and strong generalization across tasks.

The impact of data-level curriculum learning on per-
formance. To further validate the effectiveness of our pro-
posed data-level curriculum learning strategy, we conducted
a series of ablation studies. The results are shown in Fig-
ure 4. First, we assessed two simplified strategies: No Cur-
riculum Learning (i.e., training in random order) and No
Simple Sample Filtering. The results clearly show that both
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Figure 4: Ablation study on data-level curriculum learning.

approaches led to some performance degradation compared
to our full curriculum learning strategy. Next, we explored
the independent impact of different difficulty metrics by test-
ing curriculum learning strategies based on a single metric:
merged cell ratio, model performance, or total cell count.
The results indicate that while each individual metric could
guide the model’s learning to some extent, none were as ef-
fective as our complete strategy that integrates multiple met-
rics. Building on this, we performed a sensitivity analysis on
the hyperparameter «, which weights the cell count metric,
testing with o = 0.1, @« = 0.5, and a = 1.0. As shown in
Figure 4, the model’s performance showed low sensitivity to
a, indicating good robustness. However, the configuration
with o = 0.5 achieved the best overall performance, and we
therefore adopted it as the default value in our final model.

5 Conclusion

In this paper, we address the challenge of performance
degradation in multimodal language models when process-
ing structurally complex tables, proposing MM-Table-R1.
The core of this model is an innovative difficulty-aware re-
inforcement learning strategy that cleverly combines task-
level and data-level curriculum learning. The task-level
curriculum guides the model to follow a “perceive first,
then reason” learning path, while the data-level curricu-
lum ensures the stability of the training process by gradu-
ally increasing sample difficulty. With this strategy, our 3B-
parameter model achieves state-of-the-art performance on
multiple benchmarks, even outperforming several advanced
7B-parameter models, demonstrating exceptional parame-
ter efficiency. This work opens a new path for building
more powerful and robust multimodal intelligent systems.
This work not only proves the effectiveness of curriculum
learning for tackling complex visuo-structural tasks but also
opens a new path for building more powerful and robust
multimodal intelligent systems.
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