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Abstract

Although multimodal large language models (MLLMSs) have achieved remarkable progress
in visual question answering, they remain limited in tabular tasks that require fine-grained
structured information perception and complex logical reasoning. This limitation primarily
stems from the high density of structured information inherent in tables and the scarcity of
high-quality instruction tuning data. To address these challenges and improve the model’s
reasoning accuracy in tables, we propose MMTR, a strategy-guided multimodal table
reasoning method with reflective self-correction. Mechanistically, we design a dual-LoRA
architecture: the Strategy LoRA is responsible for generating structured reasoning steps,
while the Reflection LoRA verifies and self-corrects these initial outputs. Their synergy
empowers the model with a closed-loop capability of “reasoning-reflection—-correction”.
On the data front, we construct StrTab-QA, a large-scale dataset comprising question-
answering, negative, and reflection samples, providing diverse supervision signals. During
training, we further introduce a progressive “reasoning-to-reflection” fine-tuning strategy
to gradually achieve cross-modal alignment and structural adaptation. Furthermore, cou-
pled with an adaptive resizing and padding scheme, our approach effectively preserves
table structures and minimizes information distortion during visual encoding. Extensive
experiments demonstrate that MMTR consistently outperforms strong baselines across
multiple table reasoning benchmarks.

Keywords: multimodal large language models; visual question answering; self-correction;
table reasoning

1. Introduction

As an efficient and structured way to present data, tables have become an active
research topic [1-3] and play a crucial role in many fields such as financial analysis, scientific
research, and daily life. Enabling machines to automatically understand and utilize the rich
information in tables has long been a core problem in artificial intelligence. Traditional table
understanding techniques, including recent methods based on large language models, have
made notable progress. However, most of these approaches share a common limitation:
they heavily rely on high-quality text-serialized tables, such as those in Markdown or
HTML format. In many real-world scenarios, such as processing tables in scanned PDF
documents, webpage screenshots, or photographs, the directly available input is a table

image. Accurately converting such images into structured text is itself a highly challenging
task [4].
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To address the problem of table image understanding, the research community has
proposed an emerging direction known as Multimodal Table Understanding (MTU) [5].
This line of work aims to enable models to read and comprehend table content directly
from visual images, similar to humans, and then complete a series of complex tasks such as
question answering, analysis, and generation based on user instructions, thereby opening
broad prospects for real-world applications. However, although general multimodal large
models have demonstrated strong capabilities in various vision-language tasks, they often
perform unsatisfactorily when handling tables, which are a unique hybrid of visual and
textual structures [6,7]. This limitation mainly stems from three levels of challenges. At
the perception level, the model must accurately recognize and localize text and numerical
values within cells under complex backgrounds and diverse fonts. At the structured
information level, character-level recognition alone is far from sufficient; the model must
correctly parse the inherent two-dimensional row—column structure of tables, header
hierarchies, and the alignment and affiliation relationships among cells. At the reasoning
level, even when text and structured information are partially recognized, the model
still needs to perform cross-cell logical, arithmetic, and analytical reasoning to complete
complex tasks such as numerical comparison, aggregation, and conditional inference. These
difficulties are clearly reflected in existing experimental results. For example, on the table
mathematical reasoning dataset TABMWP [8], the early LLaVA v1.5 [9] model achieves only
16.59% accuracy, while the text-optimized Monkey model reaches merely 39.44%. These
observations indicate that multimodal table understanding is not a simple vision-language
problem but a comprehensive task that simultaneously faces challenges in perception,
structured information modeling, and high-level reasoning.

To systematically address the above challenges, this paper proposes a multimodal
large model (Multi-Modal Table Reasoning Model, MMTR). Different from existing multi-
modal table reasoning approaches that mainly focus on direct answer generation, MMTR
introduces a reflective self-correction mechanism, enabling the model to not only verify reli-
able reasoning processes but also correct erroneous outputs. Specifically, after generating an
initial reasoning chain and answer, the model evaluates the correctness of its own reasoning
process. When the generated answer is correct, the model provides logical justification and
supporting evidence for self-verification; when errors are detected, the model identifies
the causes of errors and performs reasoning correction. Centered on reflective reasoning
capability, this work further constructs instruction data containing structured reasoning,
negative samples, and verification and correction supervision, and adopts a progressive
training strategy that enables MMTR to gradually learn reliable multi-step reasoning ability
and self-reflection capability in complex table scenarios.

The main innovations and contributions of this work are as follows:

e Construction of StrTab-QA, a large-scale multimodal table reasoning dataset consisting
of question-answering pairs, negative samples, and reflection data. Unlike existing
multimodal table datasets such as TABMWP, MMTab, and SynTab, which mainly focus
on positive question-answering supervision, StrTab-QA incorporates three comple-
mentary components: question-answering samples for reasoning learning, negative
samples containing rule-based and model-generated erroneous responses to expose
diverse error patterns, and reflection data providing structured verification and cor-
rection supervision. This multi-component design provides richer supervision signals
for training reflection-aware multimodal reasoning models beyond datasets relying
solely on positive QA pairs.

*  Proposal of a reflective self-correction mechanism based on a dual-LoRA architecture.
Different from existing self-correction frameworks such as Reflexion and Self-Refine,
which mainly rely on inference-time prompting and external feedback generation with-
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out updating model parameters, MMTR learns verification and correction capabilities
through dedicated reflection samples. Specifically, the Strategy LoRA is responsible
for generating structured reasoning processes, while the Reflection LoRA learns both
verification and correction behaviors. This mechanism provides supporting evidence
for correct reasoning outputs and performs error localization, diagnosis, and correc-
tion when incorrect reasoning is identified, thereby enabling table-specific closed-loop
“reasoning-reflection—correction” capability within a single lightweight backbone.

*  Design of a progressive fine-tuning strategy and adaptive visual encoding scheme.
Different from existing multimodal table reasoning models such as Table-LLaVA and
SynTab-LLaVA, which mainly adopt conventional alignment and instruction-tuning
pipelines, MMTR introduces a four-stage progressive training strategy. Specifically,
this strategy separates cross-modal alignment, visual encoder specialization, Q-A
reasoning, and reflective verification into different training stages. These stages are
progressively organized to enable the model to gradually acquire reliable reasoning
and reflection abilities. Meanwhile, the adaptive visual encoding scheme preserves the
inherent structural information of table images during visual encoding and reduces
information distortion. Extensive experiments show that MMTR achieves strong per-
formance on the main table reasoning benchmark. It outperforms strong multimodal
baselines with much larger model sizes. In addition, it shows consistent improve-
ments under zero-shot cross-task and cross-instruction settings. This suggests that the
learned reflection mechanism has good transferability.

2. Related Works

This research is situated in the cutting-edge field of multimodal table question answer-
ing [10-12]. The rapid advancement of this domain is primarily driven by three intersecting
research trends: the continuous evolution of Multimodal Large Language Models (MLLMs),
the progressive development of table question answering and reasoning methodologies,
and the emerging technological advancements aimed at enhancing the reliability and con-
sistency of model reasoning. Accordingly, we systematically review the related literature
along these three dimensions.

2.1. Multimodal Large Language Model

In recent years, Multimodal Large Language Models (MLLMs) have achieved remark-
able progress in visual question answering and cross-modal understanding tasks [13]. In
the domain of general multimodal modeling, models such as OpenAl's GPT-4V [14] and
Google’s Gemini [15] have demonstrated powerful visual understanding capabilities. In
contrast, the visual instruction tuning paradigm proposed by open-source models, rep-
resented by LLaVA, has significantly enhanced model generalization in visual QA tasks.
Further research has integrated multimodal Chain-of-Thought (CoT) [16] or stronger lan-
guage backbones into these models, enabling models like Qwen-VL [17], InternVL [18], and
LLaVA-NeXT [19] to achieve notable progress in arithmetic and compositional reasoning.
However, these methods are primarily oriented toward natural image scenes.

Furthermore, multimodal models designed for document and chart analysis, such
as Donut [20] and Pix2Struct [21], have made certain progress in structured information
perception. Yet, their focus remains predominantly on end-to-end text reading or layout
parsing (e.g., converting images to HTML structures). Consequently, they struggle to
support deep arithmetic reasoning and result consistency verification in complex tabular
scenarios. Recently, Table-R1 [22] systematically explored inference-time scaling strategies
in table reasoning tasks for the first time, significantly improving performance. However,
this method overlooks issues such as structured information perception, visual distortion,
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and cross-modal alignment present in real-world visual tables. Overall, there is an urgent
need for a systematic approach oriented toward structured table reasoning.

2.2. Table Question Answering

Table reasoning tasks encompass Table Question Answering (TQA), Table Fact Verifi-
cation (TFV), and structured information understanding. Early research primarily focused
on pure-text table modeling; for example, TaPas [23] achieved end-to-end learning through
table linearization and structured information encoding. With the development of mul-
timodal technologies, the research focus has gradually shifted toward multimodal table
understanding [24,25]. Datasets like TABMWP, TAT-QA [26], and TabMCQ [27] are primar-
ily geared toward complex numerical reasoning and hierarchical structured information
understanding, while TabFact [28] and PubHealthTab [29] are utilized for verifying tabular
factual consistency.

To alleviate the scarcity of annotated multimodal table data, some studies have at-
tempted to leverage large language models for automated data synthesis and expansion.
For instance, SynTab [30] enhances model generalization by generating large-scale table
QA samples. However, these methods predominantly concentrate on positive sample ex-
pansion, with limited efforts dedicated to the construction of error modeling and reflective
supervision. Consequently, models lack targeted error feedback signals within complex
reasoning chains.

2.3. Model Reasoning

Recently, inference-time scaling strategies have garnered widespread attention, with
OpenAl’s 01 model demonstrating the effectiveness of scaling compute during the infer-
ence phase [31,32]. To mitigate factual hallucinations during generation, several pure-text
large model studies (e.g., Reflexion, Self-Refine) [33,34] have introduced self-verification
and reflection mechanisms, significantly improving reasoning reliability via an iterative
“generate-then-evaluate/correct” workflow. For instance, Chain-of-Thought (CoT) reason-
ing enhances logical transparency by explicitly generating intermediate reasoning steps [16].
Concurrently, in the domain of multimodal table understanding, a series of explorations
targeting complex scenarios have emerged: RITT [35] proposes a retrieval-assisted table QA
framework that integrates both textual and visual representations; TabPedia [36] achieves
the seamless integration of table perception and comprehension tasks within a unified
large model framework via a Concept Synergy mechanism; FinTab-LLaVA [37] significantly
enhances professional reasoning capabilities on financial tables through domain-specific
instruction tuning and curriculum learning; and M3TQA [38] constructs a large-scale
multitask benchmark and instruction-tuning dataset spanning 97 languages, advancing
cross-lingual table understanding.

However, most existing multimodal tabular methods still rely on a unidirectional,
end-to-end generation paradigm. When confronted with structural distortions and com-
plex cross-modal alignment issues in real-world visual tables, these methods struggle to
explicitly identify and correct intermediate reasoning errors, easily leading to implicit yet
hard-to-rectify factual deviations. Therefore, explicitly unifying structured information
perception with reflection mechanisms remains a critical open problem in current research.

In summary, despite the progress made in multimodal table data construction and
cross-modal representation learning, there remains a lack of a multimodal framework
capable of unifying fine-grained structured information perception, complex logical rea-
soning, and result consistency verification. To this end, we propose MMTR, a reflective
self-correcting framework for multimodal table reasoning. Specifically, we construct StrTab-
QA, a large-scale dataset comprising question-answering samples, negative samples, and
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reflection samples, to provide richer reasoning supervision signals. Concurrently, by em-
ploying Parameter-Efficient Fine-Tuning techniques represented by LoRA [39] alongside a
progressive reasoning-to-reflection fine-tuning strategy, the model is empowered to first
generate a structured reasoning path, and subsequently perform self-correction and consis-
tency verification. This significantly enhances reasoning accuracy and result reliability in
complex tabular scenarios.

Although MMTR shares the closed-loop reasoning-reflection paradigm with frame-
works such as Reflexion and Self-Refine, there are several key differences in how reflection
is realized. First, while prior approaches typically rely on in-context prompting at inference
time to elicit self-correction, MMTR instantiates both reasoning and reflection as learn-
able components through two dedicated LoRA adapters (Strategy LoRA and Reflection
LoRA), which are trained via a progressive reasoning-to-reflection fine-tuning strategy
on StrTab-QA. Reflection LoRA is further trained with structured supervision that distin-
guishes between verification and correction behaviors: in verification cases, the model
learns to justify correct answers using supporting evidence; in correction cases, it learns
to identify error types, localize mistakes in reasoning steps, and produce revised solu-
tions. This design provides explicit supervision signals for reflection beyond standard
answer-level supervision.

Second, MMTR performs both reasoning and reflection within a single frozen Qwen2.5-
3B backbone by switching between lightweight LoORA adapters at inference time, without
requiring an additional critic model or external evaluator. This stands in contrast to
Reflexion, which relies on a separate LLM-based evaluator to provide verbal feedback.

Third, MMTR is designed for multimodal table reasoning, where reflection must
operate over both visual and textual signals. By integrating a hierarchical adaptive visual
preprocessing pipeline, the model is better equipped to handle table-specific reasoning
failures such as misalignment of rows and columns, cell boundary ambiguity, and numerical
grounding errors. We further empirically evaluate the benefit of this learned reflection
mechanism against a prompting-based reflection baseline in Section 4.6.2, showing that
MMTR achieves additional gains beyond inference-time prompting strategies.

Table 1 summarizes these distinctions across representative methods, highlighting the
unique combination of properties offered by MMTR.

Table 1. Comparison of MMTR with representative methods in terms of reflection mechanism and
table reasoning design.

Method Reﬂecti‘on De.dicatec‘l ‘ Multimoda‘l Table Learnable Reflection
Mechanism Reflection Training Reasoning
Reflexion Prompt-based X x x
Self-Refine Prompt-based x x x
Table-LLaVA None X v x
SynTab-LLaVA None x v x
Table-R1 Prompt-based x v x
MMTR (Ours) Reflection LoRA v v v

As shown in Table 1, MMTR integrates learnable reflection, dedicated reflection train-
ing, and multimodal table reasoning within a unified framework. These characteristics
distinguish MMTR from both prompting-based self-correction methods and existing multi-
modal table reasoning approaches.
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3. Methodology

This chapter introduces a strategy-guided multimodal table reasoning method with
reflective self-correction. The method mainly consists of the following components. First,
the StrTab-QA dataset construction. To address the insufficient supervision of structured
information understanding and arithmetic reasoning in existing table data, this work
systematically expands the TABMWP dataset. Second, the MMTR adopts Qwen2.5-3B as the
core language reasoning engine, integrates the CLIP-ViT-336 visual encoder, and employs
a multimodal projection layer to effectively align table visual features with language
representations. Meanwhile, a hierarchical adaptive image preprocessing mechanism is
introduced to prevent the loss of fine-grained details in input images. Third, the progressive
reasoning-to-reflection fine-tuning strategy. To gradually develop the model’s capabilities
in table perception, reasoning, and verification, this work designs a progressive pipeline
from cross-modal alignment to reflective self-correction. In this framework, the strategy
module generates structured reasoning steps and preliminary answers, while the reflection
module reviews and revises the reasoning process, thereby enhancing both numerical
reasoning and self-correction abilities.

3.1. StrTab-QA Construction

To address challenges such as weak table structured information parsing, difficult
numerical reasoning, and low output reliability, this work constructs three progressively
connected datasets: a Q-A Dataset, a Negative Sample Dataset, and a Reflection Dataset.
As shown in Table 2, existing multimodal table datasets such as TABMWP, SynTab, and
MMTab provide only positive question-answer samples, offering no supervision signals
for error recognition or self-correction. This absence of negative and reflection samples
limits the model’s ability to detect and recover from reasoning failures in complex tabular
scenarios. StrTab-QA addresses this gap by explicitly incorporating all three sample types,
providing richer and more targeted supervision for reflection-aware reasoning.

Table 2. Comparison of existing table-based datasets in terms of data composition.

Dataset QA Samples Negative Samples  Reflection Samples
TABMWP v X X

SynTab v X X

MMTab v X X
StrTab-QA v v v

The StrTab-QA construction pipeline is shown in Figure 1 (left). First, the table type is
automatically identified based on the table code, and the corresponding designed prompt
template is selected. Then, the table image, structured code, and prompts are fed into the
Q-A generation module to sequentially produce the three types of data. The output of
each stage serves as the input to the next stage, forming a progressively enhanced data
construction strategy. The final StrTab-QA contains 23,059 training table images and 406k
training samples. The images cover five table types: Ordinary (12,420), Price List (5664),
Stem-and-Leaf Plot (3324), Schedule (1006), and Supply and Demand Schedule (645), as
shown in Figure 1 (right).

To rigorously prevent data leakage and ensure the validity of our evaluation, the
partition of our dataset strictly inherits the official data splits of the original TABMWP
benchmark. This ensures that the 7686 test tables and the 23,059 training table images are
strictly disjoint at the image level. Furthermore, to completely rule out any near-duplicate
semantic leakage, we implemented an automated deduplication pipeline prior to training.
Specifically, we matched the target answers of each test sample against those in the training
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set. If an identical answer was found, we subsequently compared their corresponding
question texts. Any training sample exhibiting both an identical question and an identical
answer to a test sample was explicitly filtered and removed. These strict protocols guarantee
that our evaluation results are not inflated by benchmark contamination.

Fr——————— r——o T p—m—m——————
Input ! [ Select prompt ] {- Select Table Type | I
1 I
| x|y | | Question Prompt | | |
............ l ! [ ) ) O ) (o ) 1|
| Answer Prompt |
syl ! ) Q= | |
| 1915 | |[ Negative Prompt ]l [ |
| 20 | 9 ‘ : | | (Supply andDemandSchedule) | I
| Reftection Prompt_}, _ __ ______ ]
Table code : — _l I Distribution of Image Types
_________ —_ 120,000
Bl | [ owdee |
| X
18 1 | :K Q-A Dataset . | 80000 g
60,000
» — — — — — — 45,296
19 5 | 40,000 37,260 33,984 Juu
3018 - 1935 6036 S)ﬁli 8130
20 g | | - = - = = ,..T | | ‘ Q-A Dataset Negative Dataset Reflection Dataset
ruticimage | 7 R (%) | | e i
| I Q&A Generation e I Stattsttcs of Questwn—Answer Patrs by Image Type

Figure 1. Data Construction Pipeline. (Left) Starting from table type classification, three types of sam-
ples are sequentially generated using type-specific prompts: Q-A samples, negative samples with in-
jected reasoning errors, and reflection samples with error correction supervision. (Right) Distribution
of question-answer pairs across five table types and three dataset tiers, showing the scale and diversity
of StrTab-QA.

3.1.1. Q-A Dataset Construction

In the original TABMWP dataset, each table contains only a single arithmetic question-
answer pair, and a portion of the samples heavily relies on candidate options. This makes
it inadequate to evaluate multi-dimensional capabilities, such as structural understand-
ing and diverse arithmetic reasoning in table scenarios. To address this limitation, we
systematically expand the dataset, ensuring that each table encompasses one structural
understanding question and two arithmetic reasoning questions. Notably, all arithmetic
reasoning questions are formulated in an option-free, open-ended format. Specifically,
based on table content and usage scenarios, tables are categorized into five types: Supply
and Demand Schedule, Price List, Schedule, Stem-and-Leaf Plot, and Ordinary. For each
table type, a dedicated Question Prompt and Answer Prompt are designed to guide the
model in generating questions and corresponding reasoning processes consistent with the
characteristics of that table type. During the generation of arithmetic Q-A pairs, the Qwen-
VL-MAX model generates the question text using a predefined Question Prompt, while the
reasoning process and final answer are produced based on a dedicated Answer Prompt.
For structural understanding questions, a predefined set of structure-oriented questions
is used to capture key structured information properties of tables, such as table layout,
row—column relationships, and statistical characteristics. The corresponding answers are
generated by the Qwen-VL-MAX model using Answer Prompt. To ensure data quality,
all generated Q-A pairs are verified. After expansion and cleaning, approximately 69k
high-quality training samples are obtained.
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3.1.2. Negative Sample Dataset Construction

To generate the reflection dataset, this work builds a high-quality negative sample
dataset based on the arithmetic Q-A pairs in the Q-A Dataset. The Negative Sample Dataset
contains two subcategories. The first subcategory is constructed by programmatically
injecting typical errors into otherwise correct reasoning paths, including slight numerical
perturbations in arithmetic operations, selecting incorrect cells from the table, row or
column misalignment, and misinterpretation of numerical semantics such as maximum
values or interval ranges. These errors are highly similar to correct reasoning in form
but contain substantive logical deviations, thereby enhancing the model’s ability to detect
fine-grained reasoning inconsistencies.The second subcategory is generated by directly
prompting the model. Specifically, a dedicated Negative Prompt is designed to guide the
model in generating incorrect reasoning processes and answers, and the Qwen-VL-MAX
model is employed to produce the corresponding negative samples. To ensure overall
quality and stylistic consistency between the two subcategories, the generated outputs are
filtered and produced through multiple rounds of generation. Only samples with natural
and fluent reasoning, coherent semantics, and embedded logical errors are retained. In
total, 138k high-naturalness negative samples are constructed, including 92,236 rule-based
samples and 46,118 model-generated samples. These error types are designed to capture
common failure patterns in multimodal table reasoning rather than arbitrary perturbations.

3.1.3. Reflection Dataset Construction

The construction of the Reflection Dataset further guides the model to learn error
correction. To this end, a dedicated Reflection Prompt is designed for both the arithmetic
Q-A pairs in the Q-A Dataset and the Negative Sample Dataset. For negative samples,
the Reflection prompt requires Qwen-VL-MAX to identify the error type, locate the error
position, and generate the correct reasoning path and final answer based on the given
“question, incorrect solution, and incorrect answer.” For the arithmetic Q-A pairs in the
Q-A Dataset, the Reflection prompt instead asks Qwen-VL-MAX to provide supporting
evidence and justification for the correctness of the given “question, correct solution, and
correct answer.” By invoking Qwen-VL-MAX, this work generates reliable corrected or
explanatory reasoning paths for each negative sample and each arithmetic Q-A pair in
the Q-A Dataset, resulting in approximately 199k reflection samples. This dataset not
only enables the model to learn correct table reasoning patterns but also improves the
stability and reliability of its reasoning. During the Reflection Dataset construction process,
Qwen-VL-MAX is used to generate reflective explanations and correction reasoning over
existing samples, while the underlying error patterns are determined by the constructed
negative sample dataset.

3.2. MMTR Architecture
3.2.1. Image-Text Processing

Table images are both text-dense and highly structured. Their understanding depends
not only on character-level visual information but also on row—column alignment, cell
boundaries, and spatial layout relationships. Based on these characteristics, this work
adopts CLIP-ViT-336 as the visual encoder to obtain stable and high-quality visual repre-
sentations under a unified input resolution. In implementation, MMTR first preprocesses
the input table image and then feeds it into the CLIP-ViT-336 encoder. After encoding,
576 visual tokens are obtained, each with a dimension of 1024, which are used to capture
the local visual features of different table regions and their spatial distribution.

However, real-world table images exhibit heterogeneity in spatial resolution, aspect ra-
tio, and pixel density. Directly resizing them to a fixed resolution can easily cause structural
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distortion or detail loss. To alleviate this issue, this work proposes a hierarchical adaptive
image preprocessing method based on the maximum edge length. The method maps
the input image into a multi-level resolution space (from 336 x 336 to 3024 x 3024 pixels)
according to its maximum side length and employs an adaptive constraint mechanism to
ensure that the input scale is neither excessively large, which would cause computational
redundancy, nor too small, which would lead to detail loss. During preprocessing, the
image is first resized proportionally according to its original aspect ratio using the Lanczos
interpolation algorithm to preserve edge sharpness and structural integrity. The resized
image is then centered on a white canvas of the target resolution to form a square input.
Through the coupling of multi-scale discretized mapping and the adaptive constraint
mechanism, the approach prevents information degradation caused by extreme scaling
while preserving the recognizability of numerical symbols and maintaining representation
consistency of heterogeneous inputs in the visual encoder’s feature space. This prepro-
cessing pipeline is kept consistent during both training and inference and serves as a key
component of the end-to-end framework. The framework is shown in Figure 2.

: (O] tmage Token Final Output
E] Question Token When solution or '_D_ _C]_ E|_If| —[:]— [j—C—]—D— —.— —i —i—i I
answeriswrong |\ L LI UL LU U & & & &
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[ Correct reason Token T

[:] Wrong reason Token

. Correct answer Token ——— —— J _______________

|

|

|

|

|

|

|

|

|

: . [ LLM + Reflection LoORA iq_
I . Correct solution Token
|

|

|

|

|

|

|

|

|

Some friends discussed

the siz'es of their cf)in ID D Ooooooo [:l

collections. What is the
mean of the numbers?

Question Text

— I

500AM | BISAN] 1015 AM [1L0OAM |
e 20 S00AM| SI5AM.| 1LISAM |1200PM I |
oy 55 Am [1000AN | Z0vem [12487M

CLIP- |

e pavgrond 1000 AW [ 1015 AW 1215 PN | T00PM -, .
o] 2035 Ao | BOANR | =0 o [RELR N ReSIle}g& N »| ViT-L/14 —» }—y Mapping
e abat s [1045A | 1E00AW | 1007w | 145PM Padding | layer
T e gt P (336x336) o
ihe movie theater | 1230 PM_| 1245 PM.| 245PM.| 330PM | |
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Table Image

Figure 2. MMTR Architecture Diagram. Table images are encoded via CLIP-ViT-L/14 after adaptive
resizing, and aligned with text embeddings through an MLP projection layer. The model operates in
a two-stage sequential pipeline: Strategy LoRA generates a preliminary solution and answer, which
are then verified or corrected by Reflection LoRA within the same frozen Qwen2.5-3B backbone.

After obtaining stable visual representations, the mismatch between the visual feature
space and the language model embedding space must still be addressed. To this end,
MMTR introduces a multimodal projection layer as a cross-modal interface to achieve
effective alighment between visual features and language representations. The projection
layer consists of a two-layer MLP, whose core function is to map the high-dimensional
visual features produced by the visual encoder into the embedding space of the language
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model, thereby completing dimensional alignment and semantic adaptation.The projected
visual tokens can then be fused with text embeddings within a unified semantic space,
providing consistent and structured cross-modal input representations for subsequent
multi-step reasoning. Finally, the projected visual features are combined with textual
embeddings and fed into the strategy module and the reflection module.

3.2.2. Reasoning Strategy

For the language model component, we adopt Qwen2.5-3B as the foundational rea-
soning model. To equip the model with both solution generation and result verification
capabilities, we employ LoRA to fine-tune the language model, yielding two distinct
adapters: the strategy module (Strategy LoRA) and the reflection module (Reflection
LoRA). Specifically, Strategy LoRA is designed to generate structured reasoning steps
and preliminary answers, whereas Reflection LoRA is responsible for verifying and self-
correcting these initial outputs. During the inference pipeline, the model operates in a
strictly sequential workflow: it first utilizes Strategy LoRA to generate the preliminary
reasoning path and answer; subsequently, these intermediate results are directly fed into
the model equipped with Reflection LoRA to produce reflective feedback and execute
self-correction. The progressive training strategy for these two adapters will be detailed in
the following section.

3.3. Progressive Reasoning-to-Reflection Fine-Tuning Strategy

The progressive reasoning-to-reflection fine-tuning strategy consists of four stages:
initial alignment of the vision-language projector, table-specific adaptation of the visual en-
coder, training of the Q-A reasoning module, and construction of the reflective verification
and correction module, as illustrated in Figure 3.
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Figure 3. Progressive Reasoning to Reflective Fine-Tuning Strategy. Stage 1 trains only the projection
layer for vision-language alignment; Stage 2 adapts the visual encoder to table-specific features
via LoRA; Stage 3 trains Strategy LoRA for Q-A reasoning; Stage 4 trains Reflection LoRA for
verification and correction. Frozen and trainable components are indicated by snowflake and flame
icons respectively.
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3.3.1. Stage 1: Initial Alignment of the Vision-Language Projector

The core objective of this stage is to establish a basic mapping between visual features
and the language semantic space. To this end, all parameters of the visual encoder and the
language model are frozen, and only the alignment layer connecting the two is trained. The
training in this stage consists of two steps. First, the model is pretrained using the large-
scale general image—text description data collected by LLaVA. This step aims to build a
general and transferable vision-language connection. Subsequently, the MMTab pretraining
instructions are randomly paired with SynTab table images and table descriptions to form
an alignment-layer pretraining dataset, enabling the projector to further specialize in
structured table patterns on top of the general capability. After this stage, the model gains
the preliminary ability to transform visual regions of table images into feature vectors that
can be effectively understood by the language model.

3.3.2. Stage 2: Table-Specific Adaptation of the Visual Encoder

The objective of Stage 2 is to further adapt general visual representations to the specific
domain of tables, guiding the visual encoder to focus on fine-grained features closely related
to structured information understanding, such as table borders, row—column alignment,
and numerical characters. In this stage, the language model is frozen, while the parameters
of the visual encoder are released and fine-tuned efficiently using LoORA. At the same time,
the alignment layer continues to be optimized. The visual tower is pretrained using the
TABMWP pretraining description data constructed in this work. Through backpropagated
gradient signals, the visual encoder is encouraged to attend to visual cues that are crucial
for answering table-related questions, such as the boundaries of merged cells, hierarchical
relationships in table headers, and the precise positions of numerical values. As a result,
the model gradually acquires the ability to interpret the structured information in tables
more effectively.

3.3.3. Stage 3: Question Answering Reasoning Module

The core objective of Stage 3 is to endow the model with question-answering (Q-A)
reasoning capabilities. To this end, we freeze the specialized visual encoder while keeping
the multimodal alignment layer trainable, and perform LoRA fine-tuning on the language
model. Meanwhile, we construct a dynamic instruction training paradigm to effectively
mitigate the model’s tendency to overfit to fixed question formulations. Specifically, based
on the Q-A dataset, instead of directly utilizing the raw question for each image-question
pair, we introduce a structured Q-A Instruction Pool. This pool predefines dozens of
semantically equivalent yet morphologically diverse instruction templates for each task
category. During training, an instruction is randomly sampled from the corresponding
pool, concatenated with the raw question, and fed into the model. The ground-truth
answer is subsequently used as the supervision signal for generative training. Through
this hybrid fine-tuning paradigm, we obtain an independent Strategy LoRA module. This
module equips the model with the ability to extract generalized task intents from diverse
instructions and execute reliable reasoning. For instance, whether a user prompts the
model to “estimate...”, “calculate the approximate...”, or “count the rough number of...”,
the model can accurately identify the underlying arithmetic aggregation intent, precisely
locate relevant data within the table, and execute the correct calculation.

3.3.4. Stage 4: Reflective Verification and Correction Module

Stage 4 establishes a reflective fine-tuning paradigm to train the Reflection LoRA.
By leveraging a specially constructed Reflection dataset and a Reflective Instruction Pool,
we train the model to verify and correct its prior reasoning results, endowing it with
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the higher-order capability to critically evaluate and rectify its own outputs.The detailed
training mechanism proceeds as follows: the model’s input is formulated as a standardized
reflection unit, formulated as Image, Original Question, Reflection Instruction, Candidate
Reasoning Chain, Candidate Answer. To ensure that the model grasps the generalized
underlying logic of the reflection task rather than merely memorizing specific prompts, we
introduce the Reflective Instruction Pool mechanism. This pool contains a diverse array
of instruction templates. During each training step, an instruction is randomly sampled
to encapsulate the input components. This design explicitly forces the model to master
the universal paradigm of reflective reasoning, rather than relying on specific syntactic
structures. The training objective of the reflection module is distinctly categorized into two
modes, conditioned on the correctness of the input candidate answer:

*  Verification mode: When the candidate answer is correct, the model is supervised
using the logical justification and key evidence provided in the dataset. For example,
for a problem that computes total price from unit price and quantity, the supervision
signal is: “The solution is correct. The key evidence is that the unit price and quan-
tity are accurately read from the second row of the table, and the multiplication is
performed correctly. The result is consistent with the data.”

*  Correction mode: When the candidate answer is incorrect, the model is supervised
using the error diagnosis and corrected reasoning provided in the dataset. For example,
when an error occurs because the model misreads the start-time and end-time columns
and thus computes the activity duration incorrectly, the supervision signal is: “The
error occurs at step X. The error type is column misreading. The value from the
end-time column is mistakenly used as the start time. The correct procedure is to read
the value from the start-time column, followed by the corrected reasoning process
and answer.”

Under this paradigm, we freeze the visual encoder and keep the multimodal alignment
layer trainable, while applying LoRA fine-tuning to the language model to obtain the
independent Reflection LoRA adapter. This adapter enables the base model to perform
self-reflection after Q-A reasoning. In the final inference pipeline, the initial solution and
answer generated by the Strategy LoORA module are fed into the Reflection LoRA module
for automatic review. If the module determines that the initial answer is correct, it outputs
supporting logical justification and data evidence to complete self-verification. If the
module detects an error, it triggers the correction procedure and outputs a complete error
report that includes error localization, diagnosis, and the revised answer.

This reflection verification capability is cultivated through the four-stage progres-
sive training strategy outlined below. Under this strategy, the model evolves from basic
cross-modal alignment into a multimodal large language model capable of complex table
reasoning and self-verification. The first two stages focus on structural modeling of table
visual information. The third stage further develops stable Q-A reasoning ability under
diverse instruction formulations. The fourth stage introduces verification and correction of
the model’s own reasoning through reflection fine-tuning. Together, these stages improve
both the reliability of the model’s outputs and the overall accuracy on table reasoning tasks.

4. Experiments
4.1. Model Configuration

We implement our MMTR framework based on the Qwen2.5-3B model. Across all
four progressive training phases, we employ a cosine learning rate scheduler with a linear
warm-up for the first 3% of the training steps. Specifically, in Phase 1, we set the batch
size to 256 and the learning rate to 1 x 102 for 1 epoch. In Phase 2, we introduce LoRA
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fine-tuning with a learning rate of 5 x 10~ for 1 epoch. In Phase 3 for the strategy module
and Phase 4 for the reflection module, we set the batch size to 8 and the learning rate to
2 x 1075, training the models for 4 and 3 epochs respectively. For all LoRA configurations
throughout the fine-tuning process, we set the rank to 128, the scaling factor to 256, and the
dropout rate to 0.05, while keeping the multi-modal projector trainable.

4.2. Datasets

The TABMWP test set is used as the primary benchmark for MMTR to systematically
evaluate the model’s multimodal reasoning ability across different table types. The test set
contains 7686 samples, covering five table types: Ordinary (4143), Price List (1884), Stem-
and-Leaf Plot (1082), Schedule (343), and Supply and Demand Schedule (234). Furthermore,
to more rigorously evaluate the model’s authentic reasoning capabilities, we removed the
candidate options from the original multiple-choice questions to formulate all samples
into a strict open-ended format, while keeping the original table images unchanged. To
evaluate the cross-dataset generalization ability, we further utilized four external public
datasets—TabMCQ, TAT-QA, TabFact, and PubHealthTab—using the same inference and
evaluation protocol as TABMWP.

4.3. Evaluation Metrics

Accuracy is adopted as the primary evaluation metric to measure the consistency
between the model’s predicted answers and the ground-truth answers. Overall accuracy is
defined as the proportion of correctly predicted samples among all test samples. On the
TABMWP dataset, results are further reported by table type to comprehensively evaluate
the model’s performance across different table scenarios. The accuracy evaluation of the
proposed model consists of two parts: for the strategy module, accuracy is computed by
strict matching between its generated final answer and the ground truth; for the reflection
module, Qwen2.5-72B-Instruct is employed as an external evaluator. Specifically, it is
provided with the question, the ground-truth answer, and the model prediction.

Since the reflection training data are partially constructed using Qwen-VL-MAX, we
further consider the potential concern regarding evaluator independence. To verify that
the evaluator does not introduce systematic bias, we randomly sampled 200 reflection
predictions and additionally evaluated them using a cross-family LLM evaluator, GPT-
4o-mini. The instance-level agreement between Qwen2.5-72B-Instruct and GPT-40-mini
reached 99.50%, with a Cohen’s x of 0.963, and only one sample showed inconsistent
judgments. These results indicate that the evaluation decisions are highly consistent across
different model families, suggesting that the reported reflection performance is unlikely to
be affected by evaluator bias.

4.4. Baseline Models

The proposed model is compared with several mainstream multimodal table under-
standing models, including the Qwen2.5-VL series, Monkey, the Table-LLaVA series, LLaVA
v1.5, SynTab-LLaVA, InternVL-2.5, Ovis2, HIPPO, and MiniCPM-V-2.6. These models cover
parameter scales ranging from 3B to 13B.

Qwen2.5-VL: This model supports visual parsing of natural images, document scans,
charts, tables, and complex layouts within a unified framework, and can generate structured
outputs. It is suitable for various visual question answering and table understanding tasks.
The model introduces a window attention mechanism to improve training and inference
efficiency and adopts dynamic resolution modeling to enhance adaptability to visual inputs
at different scales.

Monkey: This is an efficient multimodal model designed for high-resolution visual
input, with strong perception of dense text and fine-grained visual details. It also demon-
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strates the ability to understand multi-granularity textual information, from short labels to
rich semantic descriptions, effectively capturing contextual relationships between scenes
and objects. Monkey shows strong overall performance on image captioning, general VQA,
text-dense VQA, and table understanding benchmarks.

Table-LLaVA: This is a multimodal large language model for multimodal table under-
standing. It aims to perform semantic understanding and task reasoning directly from table
images without converting tables into textual sequences such as Markdown or HTML. The
model addresses the difficulty of obtaining high-quality textual table representations in
real scenarios and explores a visual-centric solution for table understanding. It can handle
various table structures and related tasks.

LLaVA v1.5: This is a general-purpose multimodal large language model designed for
unified vision-language understanding and dialogue. It is instruction-tuned on multimodal
instruction-following data automatically generated by GPT-4, which enhances its zero-shot
generalization ability on unseen tasks. LLaVA-v1.5 shows stable performance on general
visual question answering and multimodal dialogue tasks.

InternVL-2.5: This model follows the “ViT-MLP-LLM” architectural paradigm and
introduces significant improvements in training strategy, data quality, and test-time scaling.
It adopts a dynamic high-resolution training strategy and achieves strong performance on
general visual understanding, table-type images, and complex VQA tasks, demonstrating
good stability and generalization in multimodal reasoning and generation.

SynTab-LLaVA: This is a multimodal model for multimodal table understanding that
jointly models local textual content and global structural relationships between cells in
table images. It can handle different table types and layouts, including question answering,
cell semantic description, and complex structural reasoning.

4.5. Main Experimental Analysis

On the open-ended TABMWP test set, we conducted a unified comparative evaluation
between MMTR and several multimodal models. MMTR achieved a comprehensive
performance breakthrough on this stricter benchmark, obtaining an overall accuracy of
94.32%, which significantly outperforms all compared baselines. Without substantially
increasing the parameter scale, the model improves multimodal table understanding
through systematic data construction and an training paradigm, as shown in Table 3.

Table 3. Performance comparison of MMTR with various multimodal models (%).

Type
Model LLM Size -and- Supply and All
Ordinary Price List Stem-and-Leaf Schedule Demand
Plot
Schedule
Open-source MLLM
Qwen2.5-VL Qwen2.5 3B 93.82 97.40 55.69 86.59 65.81 88.16
Monkey [40] Qwen 7B 44.80 26.70 28.00 69.10 56.41 39.44
Table-LLaVA Vicuna-1.5 7B 65.82 33.23 45.19 48.98 51.28 53.73
Table-LLaVA Vicuna-1.5 13B 67.25 33.12 52.31 53.35 55.13 55.79
LLaVA v1.5 Vicuna-1.5 7B 21.22 10.46 4.53 8.45 51.71 16.59
SynTab-LLaVA Vicuna-1.5 7B 88.08 88.85 57.95 80.47 84.62 83.58
InternVL-2.5 Internlm2.5 8B 91.31 93.79 62.48 92.42 100.00 88.17
Ovis2 [41] Qwen2.5 8B 95.34 85.19 61.74 80.17 99.57 87.57
HIPPO [42] Qwen2 8B 89.79 96.49 63.77 79.01 100.00 87.59
g/Ig&SfMV Qwen2 8B 91.02 9735 56.47 88.34 96.58 87.76
Ours
MMTR Qwen2.5 3B 96.37 97.77 80.28 92.13 98.72 94.32
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Specifically, MMTR achieved the best performance on both the regular table and Price
List, with accuracies of 96.37% and 97.77%, respectively. This demonstrates its robustness
in handling conventional structured information and numerical computation. On the
Stem-and-Leaf Plot, MMTR achieved an accuracy of 80.28%, surpassing other models.
Since Stem-and-Leaf Plot require both precise visual structure parsing and abstract numeri-
cal distribution understanding, this result verifies the unique advantage of the proposed
method in handling high-difficulty and irregular table reasoning tasks. MMTR also per-
formed strongly on the timetable and Supply and Demand Schedule, achieving accuracies
of 92.13% and 98.72%, respectively. These results place it within the top performance tier
and demonstrate its overall competitiveness.

Notably, MMTR uses only 3B parameters, yet it outperforms several larger advanced
models, including MiniCPM-V-2.6 and InternVL-2.5. This further confirms the effectiveness
of the progressive reasoning-to-reflection fine-tuning strategy.

Compared with the baselines, general MLLMs (such as LLaVA v1.5 and Monkey)
perform relatively poorly on table tasks, highlighting the unique challenges of table under-
standing. Although SynTab-LLaVA and Table-LLaVA show certain improvements, they
still lag behind MMTR in complex numerical reasoning. These results further validate the
effectiveness of the proposed strategy-based and reflection-enhanced multimodal table
reasoning method.

4.6. Ablation Studies

In this section, we separately verify the effectiveness of the progressive training
strategy, adaptive image processing, and the reflection instruction mechanism.

4.6.1. Ablation Study on the Progressive Reasoning-to-Reflection Fine-Tuning Strategy

To evaluate the effectiveness of each stage in the progressive training strategy, we
conducted stage-wise ablation experiments on the TABMWP test set.

The results are shown in Table 4; it should be noted that in all experimental settings
from Stage 1 to Stage 4, the multimodal alignment layer was always involved in training.
The modules that were selectively frozen or unfrozen were only the visual encoder
and the language model. When neither alignment layer pretraining nor visual tower
pretraining was introduced and only Q-A instructions were used, the model achieved
90.67% accuracy. After adding alignment layer pretraining, the performance slightly
improved to 90.88%, indicating that establishing stable vision-language feature alignment
in advance helps model convergence, although its standalone contribution is relatively
limited. After further introducing table-specialized pretraining for the visual tower, the
accuracy significantly increased to 92.78%. This demonstrates that visual feature learning
optimized for table structures is crucial for multimodal table Q-A and is the primary
source of performance gain. With the full configuration and the addition of the reflection
instruction mechanism, the model performance further improved to 94.32%, verifying the
effectiveness of the explicit reflection process in reducing reasoning errors and improving
the reliability of complex arithmetic reasoning. Overall, the results indicate that alignment
layer pretraining, visual tower specialization, and the reflection instruction mechanism
are functionally complementary. Among them, visual tower pretraining contributes the
most, while the reflection mechanism enhances the stability and robustness of the model
during reasoning.
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Table 4. Partial ablation of the progressive reasoning to reflective fine-tuning strategy (%).

Alignment Layer Vision Tower Instruction Q-A Instruction Accurac

Pretraining Data Pretraining Data Reflection y
X X v X 90.67
v X v X 90.88
v v v X 92.78
v v v v 94.32

4.6.2. Comparison with Prompt-Based Self-Correction

To distinguish MMTR from existing prompting-based self-correction frameworks, we
construct a prompting-based baseline. Specifically, the reflection process is implemented
via in-context instructions following the standard generate—evaluate-revise paradigm,
without any parameter updates.

To ensure a more reliable evaluation of reflection behavior, we construct a 400-instance
stratified subset across five table categories. The sampling strategy explicitly separates
correct and incorrect predictions from the Strategy-only model. Specifically, for each
category, we cap the number of incorrect samples at up to 20 to ensure sufficient coverage
of correction cases. The remaining samples are filled with correctly predicted instances,
sampled proportionally according to their natural distribution in the full evaluation set.
This design ensures that correction behavior is adequately represented while preserving a
realistic distribution of verification cases.

As shown in Table 5, we evaluate three pipelines under the same 400-instance stratified
subset. The Strategy-only baseline achieves 79.20%, while the prompting-based reflection
baseline improves performance to 82.71%. Our MMTR further achieves 84.46%, demon-
strating consistent improvements over both baselines. This consistent gain suggests that
the improvements are not solely due to prompting-based self-correction, but also benefit
from the learned reflection capability encoded in the Reflection LoRA adapter.

Table 5. Accuracy under different reflection methods (%).

Reflection Method Accuracy Gain over Strategy Only
Strategy Only 79.20 —
Prompting-Based Reflection 82.71 +3.51

MMTR 84.46 +5.26

4.6.3. Reflection Behavior Analysis

To comprehensively evaluate the behavior of the reflection module and address the
potential risk of over-correction, we conducted a detailed state-transition analysis on the
TABMWP test set. The results, averaged across three independent runs (7686 samples per
run), are categorized into four states: maintaining a correct answer (C — C), incorrectly
modifying an initially correct answer into a wrong one (C — W), successfully fixing an
error (W — C), and failing to fix an error (W — W).

As detailed in Table 6, the reflection module successfully rectifies an average of
157 errors (W — C) while introducing only 38 over-corrections (C — W). Furthermore,
it correctly preserves 7093 predictions (C — C) and fails to correct 398 initially incorrect
cases (W — W). Although the “reasoning-reflection—correction” closed loop inevitably
introduces a small fraction of over-correction (0.50%), the number of successful corrections
is more than four times larger, resulting in a net accuracy improvement of 1.55%.
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Table 6. State-transition confusion matrix of the reflection module.
Transition Count Percentage (%)
CcC—>C 7093 92.28
C—>W 38 0.50
W—C 157 2.05
W—-W 398 5.17
Net Accuracy Improvement +119 +1.55

4.6.4. Reflection Data Scaling Analysis

To ensure the sampled subsets are representative of the full dataset, we adopt stratified
sampling across five table categories, sampling 10% and 25% of instances within each
category. Furthermore, the 10% subset is constructed as a strict subset of the 25% subset,
ensuring that performance differences across scales reflect data volume alone, independent
of data composition.

As shown in Table 7, as the reflection data scale increases, the performance gains
exhibit a diminishing-return trend. Notably, using only 25% of the reflection dataset
already achieves 91.6% of the full-data improvement. This result indicates that the explicit
reflection process plays an important role in improving model performance.

Table 7. Accuracy under different reflection data volumes (%).

Reflection Data Accuracy Gain over 0
0 92.78 —
10 93.63 +0.85
25 94.19 +1.41
100 94.32 +1.54

4.6.5. Ablation Study on Image Preprocessing

To analyze the impact of the image preprocessing strategy at different stages, we
separately controlled whether image preprocessing was applied during the training and
inference phases, and conducted a combinational ablation study on the TABMWP test
set. As shown in Table 8, the results show that when the hierarchical adaptive scaling
strategy is used in both training and inference, the model achieves the highest accuracy
of 92.78%. Compared with the setting that fully adopts the default preprocessing, MMTR
shows improved performance. This indicates that maintaining consistent image scale
and distribution between training and inference is beneficial for stable table structure
perception and subsequent reasoning. The ablation results further reveal the underlying
mechanism. When image preprocessing is applied only during inference, the accuracy of
MMTR improves to 87.90%. However, when the strategy is used only during training, the
performance drops sharply to 52.76%.

Table 8. Image preprocessing ablation study (%).

Training Stage Inference Stage Accuracy
Default Default 62.88
Default Adaptive Scaling 87.90

Adaptive Scaling Default 52.76
Adaptive Scaling Adaptive Scaling 92.78

This asymmetry cannot be fully explained by a generic distribution shift. As shown
in Figure 4, we further analyzed the test set by grouping samples according to image
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aspect ratio, defined as r = max(w, )/ min(w, h), under all four training/inference pre-
processing combinations. Both Default/Adaptive Scaling and Adaptive Scaling/Adaptive
Scaling remain relatively stable across different aspect ratios. Although the accuracy of
Default/Default also decreases as the aspect ratio increases, the decline is substantially
steeper for Adaptive Scaling/Default. For near-square images (r € [1.0,1.3)), the two
settings achieve comparable accuracies of 81.03% and 82.73%, respectively. However, for
images with aspect ratios r > 2.5, the accuracy of Adaptive Scaling/Default drops to
14.34%, less than half of that achieved by Default/Default (35.09%).
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Figure 4. Accuracy vs. image aspect ratio under different preprocessing settings. Adaptive Scal-
ing/Default exhibits substantially greater performance degradation on high-aspect-ratio tables,
suggesting the adverse effect of inconsistent preprocessing between training and inference.

These results suggest that an encoder trained exclusively on aspect-ratio-preserved
inputs exhibits reduced adaptability when table content is cropped or compressed during
inference. The resulting performance degradation is substantially greater than the standard
decline observed under the fully-default setting. This indicates that the observed degrada-
tion is not merely a consequence of the increased difficulty posed by larger aspect ratios,
but is closely associated with the input mismatch caused by inconsistent preprocessing
between training and inference.

4.6.6. Ablation Study on Instruction Generalization

To evaluate the efficacy of the Instruction Pool on the model’s generalization ability,
we conducted an ablation study.

As shown in Table 9, During training, the model learned from randomly sampled
diverse templates, while during inference, we compared fixed versus random instruction
settings. The results reveal negligible performance fluctuations. In the strategy module, the
“random-random” setup maintains a accuracy of 92.61%, showing a minimal difference
from the optimal “fixed-fixed” setup of 92.78%. Similarly, in the reflection module, the
“random-random” setting achieves a high accuracy of 93.81%, yielding a mere 0.51% drop
compared to the “fixed-fixed” setup of 94.32%.

https:/ /doi.org/10.3390/info17070641


https://doi.org/10.3390/info17070641

Information 2026, 17, 641 19 of 25
Table 9. Instruction generalization ablation study (%).
Q-A Instruction Reflection Instruction Strategy Module Accuracy Reflection Module
Accuracy
Random Random 92.61 93.81
Fixed Random 92.78 94.20
Random Fixed 92.48 94.15
Fixed Fixed 92.78 94.32

Although fixed instructions offer a minor advantage by providing stable contextual
boundaries, the minimal degradation under maximum uncertainty underscores the core
benefit of the Instruction Pool. By introducing instruction diversity, the model is prevented
from overfitting to specific templates and better simulates the high variance of real-world
human queries. Overall, this demonstrates that our dynamic tuning method effectively
reduces reliance on rigid syntactic forms, enabling robust task-semantic generalization.

4.7. Generalization Experiments

To evaluate the generalization ability of MMTR across diverse domains, we con-
ducted zero-shot experiments on four external benchmark datasets: TabMCQ (sourced
from science exams), TAT-QA (based on real-world financial reports), TabFact (comprising
open-domain tables from Wikipedia), and PubHealthTab (focusing on the public health
domain). These datasets cover both Table Question Answering (TQA) and Table Fact
Verification (TFV) tasks. To further analyze the performance differences between MMTR
and existing multimodal large language models on unseen datasets, we included sev-
eral open-source multimodal large language models as comparative baselines, including
Qwen2.5-VL, InternVL2.5, Ovis2, HIPPO, MiniCPM-V-2.6, LLaVA v1.5, and Monkey.

As shown in Table 10, compared with the strategy-only variant, MMTR equipped with
the reflection module achieved accuracy improvements of 2.33% and 1.68% on TabMCQ
and TAT-QA, as well as 2.81% and 1.90% on TabFact and PubHealthTab, respectively. These
consistent gains across diverse tasks demonstrate that the effectiveness of the reflection
module is not limited to specific reasoning patterns learned from the training data.

Table 10. Zero-shot generalization experiments (%).

TQA TFV
Model
TabMCQ TAT-QA TabFact PubHealthTab

InternVL2.5-8B 87.27 52.59 71.31 78.37
Qwen2.5-VL 85.62 61.79 68.61 68.64
HIPPO 85.13 60.75 60.75 76.16
Ovis2 82.90 68.78 81.71 84.55
MiniCPM-V-2.6 83.68 51.55 78.48 75.08
LLaVA v1.5 - 297 18.90 -
Monkey 17.89 12.31 22.56 18.89
Strategy 73.28 17.62 46.60 56.49
Strategy + Reflection 75.61 19.30 4941 58.39

Compared with general-purpose MLLMs like LLaVA-1.5 and Monkey, which serve as
strict zero-shot references since their fully open-sourced training data explicitly excludes
these benchmarks, MMTR achieved higher accuracy across all four datasets. Meanwhile,
advanced models such as Qwen2.5-VL, InternVL2.5, Ovis2, HIPPO, and MiniCPM-V-2.6
obtained higher absolute scores on certain tasks. However, compared with the strict zero-
shot baselines, these advanced models are developed with large-scale, broadly sourced
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pre-training data and larger-scale training resources. Therefore, their higher scores may
partly benefit from the broader multimodal knowledge and stronger general capabilities
acquired during pre-training.

Overall, the reflection module brings consistent positive improvements across both
TQA and TFV tasks. The consistent gains across four unseen benchmarks under a strict
zero-shot setting demonstrate that the learned error-detection and correction capabilities
can transfer beyond the training distribution.

4.8. Stability Evaluation

We conducted three independent repeated experiments on the final model. As shown
in Table 11, the accuracy of the strategy module remained completely consistent, while
the reflection module exhibited minimal variation, with an average accuracy of 94.32%
and a standard deviation of 0.025. Rather than indicating training-time stability, these
results reflect deterministic inference under fixed weights, ensuring reproducibility under
identical evaluation settings.

Table 11. Repeated trial evaluation (%).

Type Run1 Run 2 Run 3 Average
Strategy 92.78 92.78 92.78 92.78
Strategy + Reflection 94.33 94.30 94.35 94.32

4.9. Statistical Significance of the Reflection Module

To verify that the improvement from the strategy module to the reflection module is
statistically meaningful rather than incidental, we conduct McNemar’s exact test on the
paired per-sample predictions of n = 7686 test samples within each individual run. As
shown in Table 12, the improvement is statistically significant in every run (p < 1077 in
all cases), and the bootstrap 95% confidence interval for the accuracy gain excludes zero in
every run, confirming that the observed gain is unlikely to have arisen by chance.

Table 12. Statistical significance of the reflection module’s improvement.

Run Accuracy Gain p-Value 95% Bootstrap CI
Run 1 +1.55% 3481 x 1018 [+1.21%, +1.91%]
Run 2 +1.52% 5.742 x 1018 [+1.17%, +1.87%]
Run 3 +1.57% 8.454 x 101 [+1.22%, +1.94%]

4.10. Failure Mode Analysis

To gain a more comprehensive understanding of MMTR's capabilities across diverse
table structures, we analyze the performance and error patterns across different table
types. As shown in Table 3, MMTR achieves accuracies above 92% on four table categories.
However, the performance on stem-and-leaf plots is notably lower, reaching only 80.28%,
which is the lowest among all categories.

To better understand this difference, we further analyze the transition patterns be-
tween the strategy and reflection modules in Table 13. Stem-and-leaf plots show both
the highest correction rate (10.04% wrong—correct) and the highest over-correction rate
(3.14% correct—wrong), which are substantially higher than those of other table types.
This suggests that the errors in this category are closely related to the unique structure of
stem-and-leaf plots. Unlike standard row—column tables, these plots require the model to
interpret shared stem values, associate them with corresponding leaf values, and recon-
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struct the complete numbers before performing calculations. Therefore, most errors are
likely caused by difficulties in visual structure understanding rather than reasoning itself.

Table 13. Harmful vs. beneficial flip rates by table type.

Table Type Correct— Wrong Wrong— Correct Net Gain
Normal 0.10% 0.67% +0.56%
Stem-and-Leaf 3.14% 10.04% +6.90%
Price List 0.00% 0.58% +0.58%
Supply-and-Demand 0.00% 0.00% 0.00%
Schedule 0.00% 2.92% +2.92%

These observations suggest that future improvements should focus more on enhanc-
ing the visual encoder’s ability to handle irregular layouts and spatial relationships. In
contrast, supply-and-demand schedules achieve the highest accuracy (98.72%) with no
over-correction, indicating that their regular structure makes them easier to process despite
having a relatively small number of samples (n = 234).

4.11. Inference Overhead and Cost-Performance Trade-Off

We quantify the inference cost of the reflection mechanism on 100 randomly sampled
TABMWP test instances (Table 14). On average, the Strategy module requires 3.72 s and gen-
erates 73.6 tokens, while the Reflection module adds 2.89 s and 56.5 tokens, corresponding
to a 77.6% overhead in inference latency and a 76.8% overhead in token consumption. This
result is expected, as the Reflection module performs a full generation process rather than a
simple lightweight check. Unlike iterative refinement strategies, where the computational
cost may increase with additional refinement rounds, our method introduces a fixed and
predictable overhead.

Table 14. Inference latency and token consumption (100 test samples).

Module Avg. Latency (s) Avg. Tokens
Strategy 3.72 73.6
Reflection (additional) 2.89 56.5
Total 6.61 130.0

In return for this additional cost, MMTR reduces the error rate on the TABMWP
dataset from 7.22% to 5.68% (Table 4), representing an attractive cost-performance trade-
off between reliability gains and inference latency for applications where accuracy is the
primary concern.

4.12. Case Study

To deeply analyze the reasoning performance of different models, we present case
studies based on two typical tabular scenarios: a Stem-and-Leaf Plot and a Price List,
as illustrated in Figure 5. The figure details two distinct output scenarios. The first is
Correction mode, where the Strategy LoRA module yields an incorrect preliminary result,
and the Reflection LoORA module intervenes to correct it. The second is Verification mode,
where the Strategy LoRA module’s initial output is correct, and the Reflection LoRA
module verifies and maintains conclusion consistency. We compare our proposed MMTR
against baselines including Qwen2.5-VL-3b and Table-LLaVA-3b. In the Correction mode
scenario, the Stem-and-Leaf plot features irregular spatial layouts and implicit numerical
relationships, causing all models to exhibit comprehension or reasoning errors during the
initial phase. Qwen2.5-VL-3b, Table-LLaVA-3b, and the preliminary output of MMTR
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all incorrectly conclude that the number of eligible magazines is 6. However, MMTR’s
reflection module successfully identifies the flaw in the initial reasoning and executes
self-correction: the actual qualifying data should include 4 values with a stem of 1 and
leaf > 2, plus 1 value each for stems 2, 3, and 4, ultimately arriving at the correct answer of
7. In contrast, the baseline models fail to recover from their initial errors. In the Verification
mode scenario (Price List), Qwen2.5-VL-3b correctly calculates the total price as $32.37 but
paradoxically concludes that funds are insufficient, whereas Table-LLaVA-3b errs early in
the arithmetic phase, leading to completely derailed subsequent inference. In stark contrast,
the strategy module of MMTR generates a structured reasoning path, and the reflection
module further performs rigorous consistency verification on the calculation process and
conclusion. By confirming logical self-consistency, it outputs the correct affirmative answer,
effectively avoiding the pitfall of correct arithmetic paired with contradictory conclusions.

Correction mode T T T T T T T T,
| [ awen25-viL3b | l
: -i | Find the row with stem 1. Count all the leaves greater than or equal to 2.Count all the leaves :
| [Arficles per magazine : : in the rows with stems 2, 3, and 4.You counted 6 leaves, which are blue in the stem-and-leaf |
| | | |plots above. 6 magazines had at least 12 articles. |
: Stem | Leaf I : Thus, the final answer is 6. :
' . |
| ; ;4 79 | |[a Table-LLavA 3b l
| |
| 3 4 : : Find the row with stem 1. Count all the leaves greater than or equal to 2.Count all the leaves | |
| | | |in the rows with stems 2, 3, and 4.You counted 6 leaves, which are blue in the stem-and-leaf :
: 4 0 :_’: plots above. 6 magazines had at least 12 articles.. I
| Lo |
| Stem-and-Leaf Plot table image |
| ¢ 1 1@ mmTR3b |
' o
| i |
| ?&?;::?:t:ei::l I(lilil?flet::nof I : Find the row with stem 1. Count all the leaves greater than or equal to 2.Count all the leaves | |
| macazines. How man | | |in the rows with stems 2, 3, and 4.You counted 6 leaves, which are blue in the stem-and-leaf :
I magazines‘had at leas)tJIZ | : plots above. 6 magazines had at least 12 articles.Final Answer: 6 |
I larticles? : | |Reflection_output: The solution correctly identifies that magazines with at least 12 :
: | : articles include those with stems 1 and leaves > 2 (i.e., 12, 14, 17, 19), and all entries I
| Question text : | [from stems 2, 3, and 4. Counting these gives 4 + 1+ 1 + 1 =7, not 6. The final :
L_______________J : answer is incorrect. I
|
Y- ——————————_ |
Verification mode T 3
| [\ Qwen2.5-vL 3b l
oo T T T T T I
|
: : : Add the price of a CD and the price of a blender: $18.35 + $14.02 = $32.37 $32.37 is less than | |
| | blender $14.02 | 1|$32.50. Roxanne does not have enough money. :
| | |
I CcD $18.35 L :
: computer mouse $10.65 I — I
I 'l 4 Table-LLaVA 3b |
|| €D player s 1| A |
| | |Add the price of a CD and the price of a blender: |
DVD player $53.57 | |
| | 1]$18.30 +$32.50 = $50.80
: radio $15.42 : : $50.80 is more than $32.50. Roxanne does not have enough money. :
| . . . M |
| Price List table image |
I | 1® MmTR3b |
| | |
| [ . . I
| Add the price of a CD and the price of a blender: |
R h: 2.50. D (.
I e e;’zf;h tf) buy":SCD | 1]$18.35 +$14.02 = $32.37 |
: and a blender? | : $32.37 is less than $32.50. Roxanne does have enough money. |
| : : | |Final Answer: yes |
: | : Reflection_output: The calculation $18.35 + $14.02 = $32.37 is correct, and since :
| Question text : 11$32.37 < $32.50, Roxanne has enough money. :
L | I|{The final answer 'yes' matches the reasoning. I
! |
- __ _ __ |

Figure 5. Case Analysis Diagram. Two scenarios are illustrated: Correction mode (Stem-and-Leaf
Plot), where the Reflection LoRA corrects a miscount error that all baseline models fail to recover
from; and Verification mode (Price List), where the Reflection LoRA confirms the logical consistency
of a correct answer that Qwen2.5-VL-3B contradicts despite correct arithmetic.

These cases demonstrate that in complex tabular reasoning tasks, relying solely on
preliminary generated results makes models highly susceptible to incorrect outputs caused
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by layout misinterpretations, arithmetic mistakes, or improper conclusion formulation.
MMTR constructs a structured reasoning path via its strategy module to enhance step
completeness, and crucially leverages the reflection module to explicitly identify and rectify
deviations in the initial reasoning. This substantiates that the introduction of the reflection
mechanism significantly enhances the reliability and stability of tabular reasoning, thereby
demonstrating the effectiveness and superiority of our proposed method in multimodal
table understanding tasks.

5. Conclusions

This work addresses three major challenges in multimodal table understanding: diffi-
cult structural parsing, weak numerical reasoning, and low output reliability. To this end,
we propose MMTR, a strategy-guided multimodal table reasoning method with reflective
self-correction. Crucially, we introduce a dual-LoRA architecture: a Strategy LoRA explicitly
generates structured reasoning steps, while a Reflection LoRA verifies and corrects these
initial outputs, endowing the model with a “reasoning-reflection—correction” pipeline.
Supported by our newly constructed StrTab-QA dataset and a progressive “reasoning-
to-reflection” fine-tuning strategy, along with an adaptive image scaling method, our
lightweight MMTR (based on Qwen2.5-3B) jointly enhances table structure understanding,
arithmetic reasoning, and self-correction capabilities. On the test set of TABMWP featuring
only the free-form question answering format, MMTR achieved an overall accuracy of
94.32%, surpassing several 7B- and 13B-parameter baseline models with only 3B parameters.
It also shows improved performance on complex tasks such as Stem-and-Leaf Plot, and
demonstrates promising cross-task and cross-instruction generalization.

Building on the proposed reflection-enhanced training framework, several avenues
remain for further exploration. First, incorporating more real-world cross-domain tables,
especially tables with diverse noise patterns such as scanned documents, distorted reports,
and domain-specific formats, could further improve reasoning depth and generalization in
challenging real-world scenarios. Second, although our current reflective dataset is con-
structed based on representative tabular reasoning errors, collecting more reflective samples
from actual model failures could further improve the effectiveness and interpretability
of the reflection mechanism in real-world applications. Finally, exploring more efficient
and expressive table structure encoders, and further strengthening model robustness to
low-quality or distorted table images, may continue to improve overall performance on
complex table understanding and reasoning tasks.
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