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ABSTRACT

Table reasoning with language models typically assumes access to clean textual
tables. In practice, tables are often serialized into text, which can corrupt cell
contents, distort structural relationships, and discard visual cues, leaving the model
to reason over incomplete evidence. In contrast, table images retain this information,
but using it requires both accurate perception and reasoning grounded in the relevant
cells. To address this, we propose MERIT (Multimodal Evidence Reasoning
over Image Tables), a three-stage framework for learning to reason over table
images, with serialized tables serving as optional auxiliary inputs (if provided).
Our analysis identifies visual evidence acquisition as a bottleneck, motivating
table-specific encoder adaptation through reconstruction, localization, and color-
conditioned supervision. Building on the adapted representations, supervised fine-
tuning teaches explicit evidence selection and reasoning using verified trajectories.
Finally, reinforcement learning refines the policy with separate rewards for evidence
correctness, calculation, final answers, and output format. By providing feedback
on intermediate steps, the framework targets retrieval and computational errors that
final-answer supervision alone does not distinguish. We evaluate the approach on
table question answering and fact verification, analyze the contributions of visual
inputs and training components, and assess generalization to additional datasets
with different table structures and visual presentations.

1 INTRODUCTION

Recently, with the rapid development of large language models (LLMs) (Zhao et al., 2026; Naveed
et al., 2025), LLMs have become standard tools for table question answering (Table QA), typically
taking tables serialized as clean HTML, JSON, or text sequences as input prefixes (Pasupat & Liang,
2015; Chen et al., 2020; 2021; Zhang et al., 2026b). However, tables also appear in PDFs, scans,
screenshots, or rendered web pages. These tables are usually converted to text by OCR (Wang et al.,
2023) and table parsing (Yu et al., 2024; Kasem et al., 2024), and then processed as standard textual
tables. In practice, these textual tables are encoded into a one-dimensional sequence. However, as
visualized in Figure 1, this conversion can misalign rows and columns, flatten hierarchical headers,
omit cells, and discard merged regions or visual cues such as color and shading (Wang et al., 2024; Li
etal., 2022). A parsed table may remain syntactically valid despite these errors, causing a downstream
model to reason confidently over corrupted evidence.

Due to the aforementioned limitations, recognizing tables as images provides a natural way to
relax this unrealistic dependency on perfect serialization. The table image preserves content, two-
dimensional structure, and visual semantics in a single representation, enabling reasoning when
structured text is unavailable and complementing imperfect text when it is available. Motivated by
the strong performance of vision-language models (VLMs) (Bai et al., 2025), we propose to use them
to tackle Table QA by providing the original table as an image. This image is used as direct/auxiliary
information, depending on whether a textual table is accessible.
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Figure 1: Common failure modes of OCR and table serialization. Converting table images into text
can introduce content errors, structure errors, context loss, and visual cue loss, whereas the original
table image preserves this evidence.

However, feeding table images to a VLM is non-trivial. Most VLMs inherit visual encoders pretrained
on generic image—text data, which may struggle with table images that contain dense small text,
multi-level headers, merged cells, and visual formatting requiring precise row—column alignment.
Therefore, we adapt the visual encoder with table-centric supervision to improve its abilities of color
understanding, local reading, and row—column localization. However, encoder adaptation alone
does not consistently improve end-to-end Table QA. A model may read individual elements more
accurately, yet retrieve the wrong values or fail to complete the required computation. This suggests
that improving the visual encoder is necessary but insufficient: the model must also learn how to use
table evidence to solve the question.

To address this challenge, we develop a multimodal post-training framework combining supervised
fine-tuning (SFT) and reinforcement learning (RL). SFT teaches the model table-specific question an-
swering and structured solution patterns, providing a stable initialization for subsequent optimization.
RL then uses table-specific verifiable rewards to improve both intermediate information retrieval
and final-answer correctness. This produces a complete training progression from table-aware visual
adaptation to reliable multimodal Table QA.

Our contributions are summarized as follows:

* We adapt the visual encoder into a table-aware encoder with table reconstruction, cell
localization, and color recognition objectives.

» Based on the adapted encoder, we train a multimodal Table QA model with multimodal SFT
and table-specific RL to retrieve question-relevant evidence and reason over it.

» Experiments show that our model improves table perception, evidence retrieval, and final-
answer accuracy, even when structured table representations are unavailable or imperfect.

2 RELATED WORK

Table Question Answering. Table QA research typically assumes accurate table serialization and
improves reasoning through semantic parsing, table-aware pretraining, cell selection, aggregation,
and executable programs (Pasupat & Liang, 2015; Yin et al., 2020; Herzig et al., 2020; Liu et al.,
2022; Zhang et al., 2026b). Subsequent studies extend this setting to fact verification and numerical
reasoning while improving transparency through explicit row and cell selection (Chen et al., 2020;
2021; Gupta et al., 2022; Wu et al., 2023). However, these methods cannot directly recover information
lost or corrupted during serialization, whereas our method grounds evidence and reasoning in the
original table image. Recent studies also use table images with VLMs for Table QA (Zheng et al.,
2024; Zhao et al., 2024; Park et al., 2025; Jiang et al., 2025b; Kim et al., 2026; Zhang et al., 2025).
Complementary studies examine how VLMs use table images and textual representations together



for question answering (Zhou et al., 2025b;a; Wang et al., 2026; Jiang et al., 2025a). Document-
oriented models improve visual text perception through OCR-free pretraining or document-parsing
supervision (Kim et al., 2022; Lee et al., 2023; Niu et al., 2026), but target general text extraction
rather than table structure and visual attributes such as color. In contrast, our framework separates
table-aware visual encoder adaptation from subsequent QA post-training, enabling the model to use
visual evidence without assuming reliable structured input.

Post-Training for Multimodal Table Reasoning. Post-training improves instruction following
and reasoning through demonstrations and feedback (Wang et al., 2025; Su et al., 2025; Li et al.,
2026a;d;c; Zhang et al., 2026a; Li et al., 2026b), and has been applied to both structured and visual
table reasoning (Yang et al., 2025; Wang et al., 2026; Jiang et al., 2025a). Table-oriented approaches
strengthen evidence acquisition and reasoning through task-specific training (Wu et al., 2026; Liu
et al., 2026a; Kang et al., 2025; Liu et al., 2026b), with intermediate verification supplementing
final-answer supervision (Nguyen & Okatani, 2026; Jiang et al., 2026). Unlike these methods, our
framework specifically distinguishes retrieving the correct table evidence from correctly computing it.
Concretely, our SFT establishes explicit cell retrieval and calculation, while RL applies deterministic,
decomposed rewards to evidence correctness, calculation execution, final-answer correctness, and
output format. These designs provide targeted feedback on retrieval and computational errors.

3 PRELIMINARIES

In this section, we briefly introduce VLMs, SFT, and GRPO, which form the foundations of our
multimodal post-training framework.

Vision-Language Modeling. A VLM typically consists of two critical components: a visual
encoder fy and an autoregressive language model mg. Given an image [ and a textual context

x = (x1,...,Tk), the model generates a response y = (y1,...,Yyr)
T
’/TO(Y|I7X):H7T9 (yt ‘y<t7f¢(j>7x)a (1)
t=1

where ¢ and 6 denote the parameters of the visual encoder and the language decoder, respectively. In
our setting, I is a table image and x = [q; s| contains a question q and an optional textual table s,
with x = q when structured input is unavailable.

Supervised Fine-Tuning. SFT trains pretrained models to follow task instructions, produce re-
sponses in a prescribed format, and improve their task-specific capabilities (Ouyang et al., 2022; Liu
et al., 2023). Given a supervised dataset Dspr = { (i, %4, y} ) }L1, where y} = (y7, ..., ¥} 1) is
the reference response containing 7T; tokens, SFT minimizes the token-level negative log-likelihood:
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In our framework, SFT teaches the model to retrieve table evidence and present its calculations and
answer in a parseable format. This lets RL refine these components separately, rather than relying on
reward feedback alone to teach the solution procedure and output format.

Lspr(¢,0) =

Group Relative Policy Optimization. GRPO is a policy-optimization algorithm that avoids training

a separate value model by estimating advantages from the relative rewards of multiple responses

sampled for the same input (Shao et al., 2024). Concretely, given an input x and image I, GRPO

samples a group of G responses {y; }$; from the old policy 7y, and assigns each response a scalar

reward s; = R(x,y;). The group-relative advantage is computed as
~ 8 — mean({sj le)

T std({sj}]G:l) +4

where ¢ is a small constant for numerical stability. GRPO then maximizes a clipped surrogate
objective with a KL penalty relative to a reference policy, taking the expectation over inputs and
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Figure 2: Overview of MERIT. Table-centric visual encoder adaptation first specializes the visual
encoder for table images. Multimodal SFT then teaches explicit evidence selection and structured
reasoning, and table-verifiable RL further improves evidence and answer accuracy with verifiable
rewards.

response groups sampled from the old policy:
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where h; ; = (fo(I),X,¥i,<¢) and p; 1(0) = mo(Yit | Rit)/To,q (Yie | hit). Here, € and § control
clipping and KL regularization, respectively. Section 4.3 specifies the table-specific reward R.

4 METHOD

As discussed in Section 1, real-world tables may be image-only or lose content, structure, and visual
semantics during OCR and parsing. MERIT therefore uses table images as primary input and text
as optional auxiliary information. Figure 2 shows its three stages linking perception and verifiable
reasoning: Table-Centric Visual Encoder Adaptation specializes the vision backbone for dense cell
content, grid coordinates, and visual attributes; Multimodal SFT teaches question-relevant evidence
retrieval and grounded reasoning; and Table-Verifiable RL optimizes reasoning with targeted rewards
for evidence retrieval, calculation, and answer correctness.

4.1 TABLE-CENTRIC VISUAL ENCODER ADAPTATION

Table images provide primary evidence when structured tables are unavailable and complementary
evidence when serialized tables are incomplete or noisy. Their utility depends on the visual encoder’s
ability to extract image information. However, VLMs such as Qwen3-VL (Bai et al., 2025) are mainly
pretrained on broad image—text data, while tables contain dense text, regular grids, hierarchical
headers, merged cells, and visual attributes requiring precise row—column alignment. We therefore
diagnose this perceptual bottleneck before introducing targeted table supervision for the visual
encoder.

Visual-encoder diagnostic. We conduct a controlled experiment on the Table QA benchmark
FinQA (Chen et al., 2021), coupling either the NaViT encoder of Qwen2-VL or MinerU 2.5 (Niu
et al., 2026) with the same decoder. MinerU 2.5 builds on this encoder with additional document-
and table-oriented training for visual text perception. As shown in Figure 3a, it raises image-based
accuracy from 57.8% to 72.2%, a 14.4-point gain. With gold supporting facts, the models perform
nearly identically (79.8% versus 79.6%). Because the decoder is fixed and gold facts bypass visual
evidence extraction, the gain appears to stem primarily from better evidence perception rather
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Figure 3: Diagnosing the visual bottleneck in table question answering. (a) NaViT and MinerU 2.5 are
connected to the same Qwen3 decoder. The accuracy gap under normal conditions largely disappears
when gold facts are provided, indicating that the visual encoder is the primary bottleneck. (b) An
example in which the table image corrects an evidence-selection error made from text-only input.

than reasoning over provided evidence. This finding motivates our table-specific visual encoder
adaptation.’

Targeted adaptation. Our analysis of failure cases (Appendix C.1) shows that, when processing
table images, visual encoders commonly misread dense cell content, associate values with incorrect
row—column positions, or miss question-relevant visual attributes. These three perceptual errors
motivate the following task families:

K = {RECON, LOCATE, COLOR}. )

RECON reconstructs textual tables from rendered images, supporting dense-content recognition and
structural preservation. LOCATE uses cell-, row-, and column-level queries to map visual content to
logical grid positions. COLOR trains visual-attribute grounding by assigning random background
colors to selected cells and asking questions whose answers depend on those assignments. Since
colors are sampled independently of cell values, answering requires visual rather than textual cues.

All three tasks use response-generation objectives. The training data are constructed from
MMTab (Zheng et al., 2024), together with auxiliary table QA examples from MMTab. Recon-
struction and localization targets come from source annotations, whereas color-conditioned targets
are generated from assigned colors and cell contents. We compute a length-normalized autoregressive
cross-entropy for each task family and combine the losses using task-specific weights:

ly|
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where I denotes the table image, X denotes the task-specific textual input for task family k, and y
denotes the target response. The visual encoder is trained by minimizing the weighted loss in Eq. (6)
over the collected data. Data construction and instruction templates are detailed in Appendix A.2.

Effect of encoder adaptation. Table 1 evaluates the adapted encoder on six table-structure un-
derstanding tasks. The proposed adaptation improves the macro-average from 46.89 to 53.51, with
particularly strong gains in cell extraction, cell localization, and row—column extraction. These results
confirm that the targeted objectives strengthen the table-specific perceptual capabilities required by
downstream reasoning.

Notably, though these auxiliary tasks improve table perception, they do not directly train the complete
evidence-to-answer procedure required for downstream QA. Therefore, we next use multimodal SFT
to initialize table reasoning and establish the output protocol for subsequent reinforcement learning.

'We do not directly adopt MinerU 2.5: connecting its encoder to the language decoder would still incur
comparable alignment costs, and its training emphasizes text extraction rather than visual attributes such as color.



4.2 MULTIMODAL SUPERVISED FINE-TUNING

The adapted encoder provides table-specific visual representations but does not teach the model to
select question-relevant evidence, perform calculations, or produce parseable responses. Applying
RL directly would require learning both evidence-grounded reasoning and the output protocol
from sparse rewards. We therefore initialize the adapted model with multimodal SFT on grounded
demonstrations. Each demonstration pairs a table image, optional textual context, and a question with
a verified trajectory specifying supporting evidence, calculations when needed, and the final answer.
SFT establishes initial table-solving behavior and a standard output format for component-wise
verifiable rewards in subsequent RL. Data construction and composition are described below and in
Appendix A.3.

Grounded trajectory construction. We use Gemini-3.1-Pro (Google DeepMind, 2026) to generate
answer-conditioned Chain-of-Thought (CoT) trajectories (Wei et al., 2022) from table images,
structured tables, cell metadata, questions, and annotated answers. Each trajectory identifies relevant
headers and cells, recording each cited cell as (7, ¢, v), where r and c are its logical row and column
and v its normalized value. It checks cited values against the corresponding cells before lookup,
comparison, calculation, or factual inference, retaining visual conditions such as color when they
affect evidence selection. GPT-5.5 (OpenAl, 2026) then independently verifies the cited tuples against
the source inputs, as well as the derivation and the final answer. Only trajectories passing all three
checks enter Dgpr. Each accepted trajectory therefore provides

(Eref’ Zref’ A*) 7 Eref — {(rj; ijvj)};\il , @)
where E™f contains the verified evidence tuples, 2! the verified calculation when applicable, and
A* the annotated answer or verification label.

The response serializes the trajectory R(E™f, 2*f) in a unified format:

y* = <think> R(E™ ") </think> <answer> A* </answer>. 8)

This format exposes evidence, calculation, and answer as separately parseable components. Figure 4
illustrates how the selected table cells are linked to the intermediate calculation and final answer.

Training objective. For each accepted response y* and the corresponding table image I and
query x, we minimize the length-normalized autoregressive cross-entropy of the policy my (the SFT
objective in Section 3) with the visual encoder f, frozen. The training loss is computed only over
response tokens, thereby supervising both the grounded reasoning trajectory and the standardized
output format. Generation and verification prompts are provided in Appendix A.4.

SFT establishes an initial table-solving policy and a parseable generation protocol, but it only imitates
fixed demonstrations under teacher forcing. We therefore further optimize responses sampled from
the policy using table-verifiable reinforcement learning.

4.3 TABLE-VERIFIABLE REINFORCEMENT LEARNING

After SFT, the policy follows a standardized output format, but its likelihood objective does not
evaluate the correctness of sampled responses. We therefore further improve the SFT model with
GRPO using separate rewards for evidence retrieval 7., calculation r.,)c, final-answer correctness
Tans, and output format r¢,,¢. Following Section 4.2, we extract the cited cells, arithmetic expression,
and final answer from each generated response.

Table 1: Evaluation results on six held-in table-structure understanding benchmarks from
MMTab (Zheng et al., 2024). Metric definitions follow Zheng et al. (2024) (see Section B.2).
For benchmarks with multiple submetrics, we first average their submetrics; Avg. then denotes the
macro-average over the six benchmarks. Higher values indicate better performance.

TSD TCE TCL MCD RCE TR
Method LLM Row  Col. Ace Acc F1 Row Col. HTML Markdown LaTeX Avg.
Acc.  Acc. . . F1 Fl1 TEDS TEDS TEDS
Table-LLaVA 7B Vicuna-1.5 7B 4150 59.00 27.68 41.67 38.85 3845 48.67 63.88 66.58 66.52  44.61
Table-LLaVA 13B  Vicuna-1.5 13B 4440 7500 30.88 4549 43.60 37.74 5502 66.24 66.75 66.69  48.77
Base Qwen3-VL 8B-Instruct  37.80 7240 37.46 38.63 3099 41.19 68.02 59.26 88.19 46.25 46.89
Ours Qwen3-VL 8B-Instruct 4520 7320 45.56 48.75 3591 5140 7535 62.12 89.96 5276  53.51
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Figure 4: Illustration of a grounded reasoning trajectory. The model identifies supporting cells using
logical coordinates, performs the required calculation, and produces the final answer in a standardized
format. The example is illustrative, and intermediate steps are abbreviated for clarity.

The total reward is a weighted sum:

r= Aevirevi + Acalcrcalc + )\ansrans + )\fmtrfmt; (9)

where the nonnegative coefficients A control the contribution of each component. We use r as the
reward R in the GRPO objective (4).

Verifiable reward components. The evidence reward measures the set-level F1 between the
predicted and reference evidence cells:

2Nmatch
Npred + Nref ’

where Nj,cq and N,¢f are the numbers of predicted and reference evidence cells, respectively, and
Npateh 18 the number of correctly matched cells. A predicted cell is counted as matched only when
its logical row, column, and normalized value all agree with the same reference cell.

(10)

Tevi =

For arithmetic questions, let 2 denote the calculation extracted from the model response and z"f
the verified reference calculation. The calculation reward is the binary indicator H{ sogref}s where
equality is determined by executing both calculations and comparing their normalized numerical
results. Numerical normalization removes formatting symbols and converts percentages and units
when necessary. For non-arithmetic questions, Ac,ic 1S set to zero.

Let A denote the answer extracted from the model response and A* the annotated answer. The
answer reward is the binary indicator I (A=A-} where the comparison is performed after normalizing

capitalization, whitespace, punctuation, and numerical formatting.

Finally, the format reward is the binary indicator I alid format}- It €quals one when all required fields
can be parsed from the model response and zero otherwise. The required fields include the evidence
and final answer for all questions, as well as the calculation for arithmetic questions.

For each input, we score a group of sampled responses using (9) and update the policy with the GRPO
objective in Section 3. The SFT checkpoint initializes both the trainable policy and the fixed reference
policy. We keep the adapted visual encoder frozen and update the language decoder. Reward weights,
parsing rules, and numerical tolerances are specified in Appendix A.6.

5 EXPERIMENTS

In this section, we evaluate our framework against existing methods on table question answering
and fact verification to determine whether the information preserved in table images improves table
reasoning. Furthermore, we evaluate its generalization to out-of-distribution (OOD) data, particularly
when serialized tables are unavailable. Finally, ablation studies examine the contribution of each
training stage.



Table 2: Effectiveness on held-out splits of the five datasets used for reasoning post-training. Scores
are accuracy (%); Avg. is the unweighted mean across the five datasets. The three rows for our
model report results with different table inputs, indicated in parentheses. T denotes results taken from
published reports. Answers are extracted and evaluated against the ground truth, with ambiguous
cases reviewed by GPT-5.5.

Method Table Question Answering Fact Verification Avg.
TABMWP WTQ TAT-QA TabFact InfoTabs

Proprietary models

GPT-5.5 89.97 88.96 85.62 93.65 76.59 86.96

Claude Sonnet 5 89.97 82.94 88.29 81.94 74.58 83.55

Gemini 3.5 Flash 84.62 87.63 88.63 92.64 78.93 86.49

General-purpose models

InternVL2.5-8B 93.56 54.77 55.18 72.49 67.30 68.66

Qwen3-VL-8B 85.97 61.04 82.51 77.71 73.04 76.05

Qwen3-8B 86.20 76.24 80.18 86.22 79.19 81.61

Table-specialized models

Table-LLaVA-7B} 53.20 16.62 10.49 57.62 66.78 40.94

TabPedia® 10.66 23.53 13.08 35.49 243 17.04

HIPPO! 87.34 55.71 61.40 82.29 75.70 72.49

TURBO! 96.75 67.80 73.21 85.81 81.89 81.09

Text-only RL baseline

Qwen3-8B + RL 92.85 73.31 84.95 85.58 76.39 82.62

Our model

Ours (Text only) 98.48 64.71 90.16 87.95 75.80 83.42

Ours (Image only) 98.13 72.86 87.56 90.08 78.63 85.45

Ours (Image + Text) 98.69 76.40 87.44 90.84 80.15 86.70

Implementation. We initialize from Qwen3-VL-8B-Instruct (Bai et al., 2025) and apply visual-
encoder adaptation, multimodal SFT, and GRPO as described in Section 4. Inputs comprise table
images, questions or statements, and accompanying passages; serialized tables are supplied only
in the specified input comparisons. Data construction and training configurations are detailed in
Appendix A.

Evaluation. We consider two tasks. Table question answering includes TABMWP (Lu et al.,
2023) for mathematical word problems, WikiTableQuestions (WTQ) (Pasupat & Liang, 2015) for
compositional reasoning, and TAT-QA (Zhu et al., 2021) for financial table-and-text reasoning. Table
fact verification includes TabFact (Chen et al., 2020) with binary labels and InfoTabs (Gupta et al.,
2020) with three-way labels. Following HIPPO (Wang et al., 2026) and TURBO (Jiang et al., 2025a),
we train SFT and GRPO on these five datasets and evaluate on the same held-out splits with the same
metrics. To assess generalization, we further evaluate on HiTab (Cheng et al., 2022), FinQA (Chen
et al., 2021), FinMMR (Tang et al., 2025), TableVista (Yang et al., 2026), and MMMU-T (Yue et al.,
2024) without further fine-tuning; these datasets vary in table structure and visual presentation, and
only HiTab and FinQA provide serialized tables; for the other three, we convert table images into
Markdown with MinerU 2.5 (Niu et al., 2026), and visual models receive both the image and this text.
We report accuracy and unweighted averages. Dataset, split, and scoring details are in Appendix B.1.

Baselines. We include four groups of comparisons. (1) Proprietary models: GPT-5.5, Claude Sonnet
5, and Gemini 3.5 Flash. (2) General-purpose models: InternVL2.5-8B and Qwen3-VL-8B, with the
latter providing the same-backbone reference before our table-specific training. (3) Table-specialized
models: Table-LLaVA (Zheng et al., 2024), TabPedia (Zhao et al., 2024), HIPPO (Wang et al., 2026),
and TURBO (Jiang et al., 2025a); since TURBO is not publicly released, we report its published
results and do not evaluate it on the OOD datasets. (4) Text-based models: Qwen3-8B and Qwen3-8B
+ RL, which reason over serialized cell contents. The RL variant evaluates whether image-based
reasoning remains beneficial when the text-based alternative also receives reasoning post-training.
Baseline details are in Appendix B.

Results. We first examine whether reasoning over table images improves table question answering
and fact verification over text-based and table-specialized methods. As shown in Table 2, table
images alone support strong reasoning: with image-only input, MERIT reaches 85.45% average
accuracy, 9.40 points above its Qwen3-VL-8B backbone (more than 11 points on WTQ and TabFact).
It also outperforms TURBO, the strongest table-specialized baseline, by 4.36 points and the text-only



Table 3: Generalization ability on five additional datasets without further fine-tuning. Scores are
accuracy (%); Avg. requires all five scores.

Serialized Table Available No Serialized Table
Method Avg.
HiTab FinQA FinMMR  TableVista MMMU-T
General-purpose models
InternVL2.5-8B 31.03 24.96 25.20 35.30 22.35 27.77
Qwen3-VL-8B 67.43 48.55 33.02 69.54 42.77 52.27
Qwen3-8B 35.28 33.04 33.18 54.00 32.75 37.65
Table-specialized models
Table-LLaVA-7B  7.70 12.30 6.71 19.28 5.92 10.38
TabPedia 9.64 2.01 0.66 10.98 1.78 5.01
HIPPO 35.30 30.08 16.99 33.87 11.18 25.48
Text-only RL baseline
Qwen3-8B+RL 3991 45.60 36.65 57.11 32.75 42.40
Our model
Ours 68.91 47.60 48.67 70.72 38.60 54.90

RL baseline by 2.83 points. Moreover, despite having only 8B parameters, this image-only model
surpasses Claude Sonnet 5 and approaches GPT-5.5 and Gemini 3.5 Flash, and our variants obtain the
best TABMWP and TAT-QA scores among all methods. Beyond serving as a standalone input, table
images also complement serialized text: with the same checkpoint, text-only input obtains 83.42%,
whereas adding the table image raises the average to 86.70%, the best among open models. This
indicates that images supply evidence that serialization loses.

0OD generalization. Because SFT and GRPO use only five datasets, strong held-out results could
still reflect dataset-specific fitting. We therefore test whether the learned perception and reasoning
transfer to unseen datasets with different table structures and visual presentations, including three
without serialized tables, which mirror the image-only setting that motivates this work. As shown
in Table 3, MERIT achieves the best average accuracy of 54.90% on the five unseen datasets, 2.63
points above its Qwen3-VL-8B initialization, with the largest gain on FinMMR (+15.65). In contrast,
existing table-specialized models transfer poorly: HIPPO, the strongest among them, averages
25.48%, less than half of MERIT. MERIT also exceeds the text-only RL baseline by 12.50 points,
indicating that the gains from our training extend beyond the training datasets.

Ablation study. Finally, we examine why each training stage is needed. MERIT stacks three stages,
but only SFT and GRPO optimize grounded reasoning on the target tasks, whereas encoder adaptation
targets perception. Table 4 therefore ablates encoder adaptation, SFT, and GRPO under image-only
input, enabling each stage alone and in combination while keeping their original order. Encoder
adaptation alone leaves end-to-end accuracy nearly unchanged (76.07% versus 76.05%), since its
auxiliary objectives do not train the complete evidence-to-answer procedure. Its benefit instead
emerges after post-training: the full pipeline outperforms SFT + GRPO without adaptation by 0.95
points, with gains on all five datasets. Moreover, the two post-training stages are complementary, as
the full pipeline exceeds encoder adaptation followed by GRPO alone by 9.47 points and by SFT
alone by 2.11 points. Appendices C.2 and C.3 further ablate the adaptation objectives and reward
components.

Table 4: Ablation of encoder adaptation and post-training. Scores are accuracy (%). AAvg. is relative
to the base.

Table QA Fact Verification Avg.
TABMWP WTQ TAT-QA TabFact InfoTabs Avg. AAvg.

Variant

w/o Encoder adaptation

Base 85.97 61.04 8251 77.71 73.04  76.05 -
+ SFT 97.38 7152 86.53 88.49 78.39 84.46 +8.41
+ GRPO 93.68 60.52  81.74 77.93 73.13 7740 +1.35

+ SFT + GRPO 97.70 71.52 86.14 89.38 77.78 84.50 +8.45

w/ Encoder adaptation

Encoder only 86.44 61.35 82.38 77.46 72770 76.07 +0.01
+ SFT 97.09 68.85 85.10 87.48 78.17 83.34 +7.28
+ GRPO 91.02 6146  79.53 78.19 69.67 75.98  -0.08

+ SFT + GRPO 98.13 72.86  87.56 90.08 78.63 8545 +9.40
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6 CONCLUSION

We presented MERIT, which reasons over table images as primary evidence, with serialized text as
optional input. Guided by a diagnostic that identifies visual perception as a bottleneck, it adapts
the visual encoder with table-centric objectives and then applies evidence-grounded SFT and RL
with decomposed verifiable rewards. Image-only MERIT outperforms its backbone, table-specialized
models, and a text-only RL baseline, approaches proprietary models, and transfers to unseen datasets;
adding serialized text improves it further. Ablations show that encoder adaptation pays off after
post-training and that SFT and GRPO are complementary.
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Appendix

A TRAINING AND DATA DETAILS

A.1 DATASET DETAILS

Visual-adaptation data. For Stage 1, we construct a structured-table corpus for adapting the visual
encoder through table reconstruction, cell localization, and color recognition. Data construction and
statistics are provided in Appendix A.2.

Post-training data. For SFT and GRPO, we use training examples from TABMWP (Lu et al., 2023),
WikiTableQuestions (WTQ) (Pasupat & Liang, 2015), TAT-QA (Zhu et al., 2021), TabFact (Chen
et al., 2020), and InfoTabs (Gupta et al., 2020). TABMWP contains mathematical word problems,
WTQ requires compositional question answering, and TAT-QA combines tables with financial text;
TabFact and InfoTabs are fact-verification datasets with binary and three-way labels, respectively.

Evaluation data. In addition to the datasets used for post-training, we include HiTab (Cheng et al.,
2022), FinQA (Chen et al., 2021), FinMMR (Tang et al., 2025), TableVista (Yang et al., 2026), and
MMMU-T (Yue et al., 2024) to evaluate the model’s generalization to unseen table-reasoning tasks
and domains.

A.2 VISUAL-ADAPTATION DATA DETAILS

All Stage-1 examples are built from MMTab (Zheng et al., 2024). For table reconstruction, the model
reproduces the serialized table from its image. For cell localization, the model answers position-based
queries, returning the content at a given row and column or the position of a given value. For color
recognition, we assign random background colors to selected cells of MMTab tables, re-render the
table images, and pose questions whose answers depend on these colors, such as the value in a
cell of a given color or the color of a given cell. Because colors are sampled independently of cell
values, these questions cannot be answered from the textual content alone. We additionally include
table question-answering examples from MMTab as an auxiliary task. All tasks are mixed without
task-specific weighting; Table 5 summarizes the composition.

Task Data source Training examples
Table reconstruction MMTab 65,068
Cell localization MMTab 34,349
Color recognition MMTab (recolored) 34,349
Table QA (auxiliary) MMTab 50,000
Total - 183,766

Table 5: Statistics of the visual-adaptation data used in Stage 1.

The instruction templates used for the visual-adaptation tasks are summarized in Table 6.

Task Instruction template

Table reconstruction  Reconstruct the structure and content of the table from the given table image.

Cell localization Locate the logical cell corresponding to the specified target in the given table
image.

Color recognition Identify the visual color attribute of the specified cell in the given table
image.

Table QA (auxiliary) The original MMTab question for the given table image.

Table 6: Instruction templates for the visual-adaptation tasks.
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A.3 SFT DATA COMPOSITION

Table 7 reports the statistics of the SFT data before and after trajectory verification. For each dataset,
we report the number of generated trajectories and the number that pass all three verification checks
and enter the SFT set.

Dataset Generated  Verified
TABMWP 2,000 1,540
WTQ 2,000 1,587
TAT-QA 2,000 1,660
TabFact 2,000 1,382
InfoTabs 2,000 1,856

Table 7: Numbers of generated and verified SFT trajectories per dataset.

Rejected trajectories primarily contain cell references inconsistent with the source table, invalid
intermediate calculations, or final answers inconsistent with the annotated targets. We also remove
duplicate examples and exclude samples that overlap with the evaluation splits.

A.4 GENERATION AND VERIFICATION PROMPTS

For reproducibility, we provide the complete prompts used by the trajectory generator and the
independent multimodal verifier.

Trajectory-generation prompt.

You are constructing grounded chain-of-thought training data for table reasoning. You are
given a table image, the structured table with cell metadata (logical row, column, value,
and visual attributes such as background color), a question or statement, and its annotated
answer. Write a reasoning trajectory that a model could produce from the table image alone
and that reaches the annotated answer.

Requirements:

* Identify the headers and cells relevant to the question. Cite every cell you use exactly
as "value" [cell: (tN, rN, cN) ], where r and c are the logical row and
column of the cell in the structured table and value is its normalized value.

* Check each cited value against the corresponding cell before using it in a lookup,
comparison, calculation, or factual inference.

« If a visual condition, such as a cell color or highlighting, determines which cells are
relevant, state it explicitly and cite only the cells that satisfy it.

* For calculation questions, write every arithmetic step as an equality such as
12 + 7 = 19, using only cited values or earlier intermediate results as operands.
¢ Do not mention the structured table, the cell metadata, or the annotated answer; the

reasoning must read as if derived from the image.

Output format:

<think> reasoning with cited cells and calculations </think>
<answer> final answer or verification label </answer>

Table image: {image}

Structured table with cell metadata: {table}

Question: {question}

Annotated answer: {answer}

Trajectory-verification prompt.

You are verifying a grounded table-reasoning trajectory. You are given the table image, the
structured table with cell metadata, the question or statement, the annotated answer, and the
trajectory. Check the following three conditions:

1. Evidence: every cited cell [cell: (tN, rN, cN) ] exists in the structured table,
its cited value matches the cell value, and the cited cells are sufficient and relevant for
the question, including any visual condition such as color.
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2. Derivation: every lookup, comparison, and calculation step is valid, and every operand
comes from a cited cell or an earlier intermediate result.

3. Answer: the final answer in <answer>...</answer> matches the annotated an-
swer after normalization.

If all three conditions hold, reply exactly: CORRECT
Otherwise, reply exactly: WRONG

Do not explain.

Table image: {image}

Structured table with cell metadata: {table}
Question: {question}

Annotated answer: {answer}

Trajectory: {trajectory}

The generated trajectories identify the relevant headers and cells, cite each cell by its logical coor-
dinates and normalized value, state the necessary intermediate calculations, and end with the final

answer. The verifier checks the cited evidence against the source inputs, the validity of the derivation,
and the correctness of the final answer; only trajectories passing all three checks are retained.

A.5 RL DATA COMPOSITION

Table 8 reports the number of GRPO training prompts drawn from each of the five datasets.

Dataset Task Prompts
TABMWP  Table QA 2,000
WTQ Table QA 2,000
TAT-QA Table QA 2,000

TabFact Fact verification 2,000
InfoTabs Fact verification 2,000

Table 8: Composition of the data used for GRPO training.

For each input question, we sample G = 8 candidate responses from the current policy. The reward
formulation is described in Section 4.3, and its weights and parsing rules are given in Appendix A.6.

A.6 REWARD AND PARSING DETAILS

We set A\yns = 1 and Aeyi = Acale = Mg = 0.5 in Eq. (9). The final answer is extracted from the
<answer> field and compared with the annotation after normalization: strings are lowercased and
stripped of whitespace, punctuation, currency symbols, and thousands separators; numeric answers
are compared exactly after parsing, with percentages converted to fractions; multi-value answers
are compared as sets; and fact-verification labels are mapped to canonical classes. Evidence cells
are parsed from the [cell: (t, r, c)] annotations and matched against the table by both
logical coordinate and value. Calculations are parsed as arithmetic expressions and executed, and
their results are compared with the verified reference calculation; each operand must come from a
cited cell or an earlier intermediate result.

A.7 TRAINING HYPERPARAMETERS

All experiments use Qwen3-VL-8B-Instruct as the base model. The principal hyperparameters for
the three training stages are summarized in Table 9.

B EVALUATION AND BASELINE DETAILS

B.1 EVALUATION PROTOCOL AND SCORING

The five post-training datasets—TABMWP, WTQ, TAT-QA, TabFact, and InfoTabs—are used for
supervised fine-tuning and GRPO. We evaluate the resulting model on the corresponding held-out
splits, which constitute the in-distribution (IID) setting. The additional datasets—HiTab, FinQA,

16



Hyperparameter Visual adaptation SFT GRPO

Learning rate Se-6 le-5 2e-6
Batch size 24 128 64 prompts
Gradient accumulation steps 3 16 -
Training epochs / steps 376,782 2/126 5/780
Maximum sequence length 4,608 3,328 18,432 + 1,024
Optimizer AdamW AdamW AdamW
Learning-rate scheduler Cosine Cosine Constant
Warmup ratio 0.03 0.03 0
Weight decay 0 0 0.01
Numerical precision BF16 BF16 BF16
Trainable modules Visual encoder  Language decoder Language decoder
Responses per group G - - 8
Clipping coefficient - - 0.2

KL coefficient - - 0

Table 9: Training hyperparameters for table-aware visual adaptation, supervised fine-tuning, and
GRPO.

FinMMR, TableVista, and MMMU-T—are used only for evaluation and constitute the out-of-domain
(OOD) setting. No additional fine-tuning is performed on the OOD datasets.

Unless otherwise specified, the model receives the table image, the question or statement, and
accompanying passages when available; serialized tables are supplied only in the specified input
comparisons. On the OOD datasets, only HiTab and FinQA provide serialized tables; for FinMMR,
TableVista, and MMMU-T, we convert the table images into Markdown with MinerU 2.5 (Niu et al.,
2026). Text-based models receive this textual table, and visual models receive both the table image
and the textual table.

Answers are extracted and evaluated against the ground truth, with ambiguous cases reviewed by
GPT-5.5. For Table QA, we report accuracy and the unweighted average of the per-dataset accuracies.
For table fact verification, we report accuracy under the corresponding binary or three-way label
setting.

In Table 2, T marks scores taken from published reports under their original evaluation protocols. The
remaining scores are obtained using our evaluation pipeline, detailed in Appendix B.1.

B.2 TABLE-STRUCTURE UNDERSTANDING EVALUATION

Table 1 and Table 10 evaluate the visual encoder on six held-in table-structure understanding tasks
from MMTab (Zheng et al., 2024). We follow the task definitions, metrics, and official evaluation
scripts of Table-LLaVA (Zheng et al., 2024). Table Size Detection (TSD) asks for the numbers of
rows and columns, and we report row and column accuracy. Table Cell Extraction (TCE) asks
for the content of the cell at a given row and column, and Table Cell Locating (TCL) asks for the
position of a given cell; both report accuracy. Merged Cell Detection (MCD) asks the model to
identify merged cells and reports F1. Row and Column Extraction (RCE) asks for all cells in a
given row or column and reports row and column F1. Table Recognition (TR) converts the table
image into HTML, Markdown, or LaTeX and reports Tree-Edit-Distance-based Similarity (TEDS)
for each format, with Markdown and LaTeX outputs converted to HTML before scoring. For tasks
with multiple submetrics, we first average the submetrics; Avg. denotes the macro-average over the
six tasks.

B.3 GENERAL-PURPOSE VISION-LANGUAGE MODELS

We evaluate InternVL2.5-8B and Qwen3-VL-8B-Instruct, abbreviated as Qwen3-VL-8B in the result
tables. These baselines are evaluated without our table-specific training. Qwen3-VL-8B-Instruct
provides the initialization of MERIT and serves as a reference for measuring the overall effect of
visual-encoder adaptation, grounded SFT, and GRPO.
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In the in-distribution comparisons, these models receive table images, questions or verification
statements, and accompanying passages when available, without serialized table contents. On the
OOD datasets, they follow the input setting in Appendix B.1.

B.4 TABLE-SPECIALIZED MODELS

We include Table-LLaVA-7B, TabPedia-7B, HIPPO-8B, and TURBO-8B. Their per-dataset scores
in Table 2 are taken from Table 1 of Jiang et al. (2025a). We retain these scores and recompute
their unweighted averages over TABMWP, WTQ, TAT-QA, TabFact, and InfoTabs. For the OOD
evaluation in Table 3, we evaluate the released Table-LLaVA, TabPedia, and HIPPO checkpoints
with our pipeline under the input setting in Appendix B.1; TURBO is not publicly released and is
therefore not evaluated on these datasets.

The reported input configurations differ across methods. HIPPO uses both table images and structured
tables; the reported scores do not correspond to its image-only “HIPPO w/o ST” variant. TURBO
receives table images at inference, while structured tables are used during training-data construction.

For the table-perception evaluation in Table 1, we additionally include the 7B and 13B variants of
Table-LLaVA (Zheng et al., 2024). These comparisons assess table structure understanding separately
from the downstream reasoning evaluation in Table 2.

B.5 PROPRIETARY MODELS

We evaluate GPT-5.5 (OpenAl, 2026), Claude Sonnet 5, and Gemini 3.5 Flash through their APIs.
Each model receives the table image and the original question, and responses are generated with
temperature 0. Their outputs are scored with the same protocol as the other models (Appendix B.1).

B.6 TEXT-BASED MODELS

We evaluate Qwen3-8B and Qwen3-8B + RL using serialized table contents without direct access
to table images. Their inputs also include questions or verification statements and accompanying
passages when available. Qwen3-8B + RL is trained with the same SFT and GRPO settings as MERIT,
with serialized tables in place of table images, providing a textual baseline that also undergoes
reasoning post-training.

These baselines differ from Ours (Text only), which uses MERIT’s final checkpoint without table
images. Ours (Text only), Ours (Image only), and Ours (Image + Text) share this checkpoint and
differ only in the supplied table representation, allowing input modalities to be compared with the
model fixed.

C ADDITIONAL ANALYSES AND CASE STUDIES

C.1 ERROR ANALYSIS

To characterize where models fail and how training changes the error profile, we analyze errors on
a stratified IID subset (299 examples per dataset, 1,495 in total) with image-only input, together
with a color probe of 486 questions on MMTab tables with randomly colored cells. For the IID
subset, an LLM classifier compares each wrong response with the ground-truth table and assigns its
primary cause to one of five categories: recognition (misread or missed cell content), locating (values
taken from the wrong row, column, or header), color (a visual attribute ignored or misidentified),
reasoning (correct evidence but a wrong calculation, comparison, or inference), and comprehension
(a misunderstood question). Errors on the color probe are attributed by rules against the known
coloring. Cases that are not model errors, namely format-only mismatches, correct answers missed
by the scorer, and questionable gold labels, are excluded, as are responses whose classification could
not be parsed (about 2%).

As shown in Figure 5(a), perception errors (recognition, locating, and color) account for about two
fifths of the errors of Qwen3-VL-8B (167 of 405). MERIT reduces errors in every category, including
recognition (57—42), locating (27— 18), color (83—68), and reasoning (199—133), for a total of
290 errors, fewer than Qwen3-VL-32B (328). Color remains a major error source for all models,
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mostly from counting colored cells. Figure 5(b) shows a representative perception failure of the
unadapted encoder: it misses the Discovery Channel row and concludes that the required value is
not listed, whereas correct grounding locates both cells, (¢1,71, ¢l) and (¢1,r2, ¢1), and computes
246 — 183 = 63.

C.2 VISUAL ENCODER OBJECTIVE ABLATION

We examine the three objectives used to adapt the encoder: RECON for content and structure, LOCATE
for associations between values and grid positions, and COLOR for visual-attribute grounding. Ta-
ble 10 compares individual objectives, pairs, and the full objective before SFT and GRPO. Removing
each objective from Full evaluates its contribution. Structure, localization, and color-conditioned
metrics identify the perceptual abilities affected, while QA accuracy measures their downstream
benefit before reasoning post-training.

The full objective achieves the highest average score of 53.51, compared with 46.89 for the base
model. Among the individual objectives, RECON and LOCATE reach average scores of 48.82 and
47.71, respectively, whereas COLOR alone scores 40.25. Combining RECON and LOCATE yields
52.73. The leave-one-objective-out comparisons show that removing LOCATE causes the largest drop
from the full objective (11.56 points), followed by removing RECON (7.04 points); removing COLOR
reduces the average by 0.78 points. These results suggest that reconstruction and localization are
the main contributors to the reported aggregate perception score, while COLOR provides a smaller
incremental gain.

Table 10: Encoder-objective ablation before SFT and GRPO. Tasks and metrics are described in
Appendix B.2. Avg. first averages the submetrics within each benchmark and then computes the
macro-average over the six held-in benchmarks. Scores are accuracy, F1, or TEDS, depending on the
benchmark.

TSD TCE TCL MCD RCE TR

Encoder Objective Avg.
Row Col. Acc. Acc. F1 Row Col. HTML Markdown LaTeX
Base 37.80 7240 3746 38.63 30.99 41.19 68.02 59.26 88.19 46.25 46.89
Recon only 3470 70.60 40.06 44.79 21.44 4541 71.06 69.74 91.33 66.23 48.82
Locate only 26.60 46.30 43.07 57.57 24.51 46.56 70.09 58.08 88.49 52.40 47.71
Color only 3550 52.60 30.34 38.39 1547 34.67 6136 57.70 89.33 48.75 40.25
Recon + Locate 38.80 71.20 46.67 53.79 28.71 48.84 76.89 63.28 89.75 5496 52.73
Recon + Color 37.50 6230 29.20 36.86 22.11 38.72 6598 62.58 86.01 35.16 41.95
Locate + Color 3450 54.50 37.38 49.90 23.45 43779 68.96 58.86 88.83 53.92 4647
Full (Ours) 4520 7320 45.56 48.775 3591 5140 7535 62.12 89.96 52.76  53.51

C.3 REWARD COMPONENT ABLATION

Our RL design provides feedback on evidence selection and numerical calculation in addition to
the final answer. Starting from the same encoder-adapted SFT checkpoint, we compare answer-only
supervision with variants that additionally introduce evidence or calculation rewards. The Full variant
combines all reward components, while keeping the remaining RL settings fixed (Table 11).

Evidence F1 measures the quality of selected evidence, and calculation accuracy measures computa-
tion on arithmetic examples. Final-answer accuracy evaluates whether feedback on these intermediate
steps benefits task completion. These measurements connect the reward design to the retrieval and
computational errors it is intended to address.

Answer-only supervision achieves an average accuracy of 85.01%. Adding the evidence reward
raises it slightly to 85.11% (+0.10 points), whereas adding the calculation reward yields 85.39%
(+0.38 points). The Full variant achieves the highest average accuracy, 85.45%, a 0.44-point gain
over answer-only supervision and a 0.06-point gain over the calculation-reward variant. The gains
are not uniform across datasets: for example, the evidence-reward variant improves WTQ but scores
lower on TAT-QA and InfoTabs, while the calculation-reward variant improves TAT-QA but slightly
lowers TabFact accuracy. Overall, the results show modest improvements in average final-answer
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Qwen3-VL-2B| | | | L

InternVL2.5-88| | | | L

Qwen3-VL-4B| | | | | |
Qwen3-vL-88| | | | | | ] Locating
[] Recognition
Qwen3-vL-328| | | | | | 1 Color
[ ] Reasoning
MERIT| | | | | | ] Comprehension
0 100 200 300 400 500 600 700

Error count

(a) Error counts by category on the IID subset and the color probe.

Table t1

International International

Subscribers Subscribers
0 Global Networks (millions) Regional Networks (millions)
r1 Discovery Channel 246 DMAX 9%
r2 Animal Planet 183 Discovery Kids 61
r3 TLC, Real Time and Travel & Living 174  Quest 26
r4  Discovery Science 75 Discovery History 13
5 Investigation Discovery 63 Shed 12
r6  Discovery Home & Health 57 Discovery en Espanol (U.S.) 5
r7  Turbo 42 Discovery Familia (U.S) 4
r8  Discovery World 27

0 el c2 3
On December 21, 2012, our International Networks segment acquired 20% equity ownership interests in Eurosport. a
Question:

What is the difference in millions of international subscribers between
Discovery Channel and Animal Planet?

/' Visual Evidence Extraction Error
<think>
The question asks for the international subscribers of Discovery Channel and Animal Planet.

i \
i !
i |
i |
| The table shows Animal Planet = 183, but I incorrectly conclude that|Discovery Channel is not i
i Since one required value is considered missing, the difference cannot be calculated. E
i

i |
i |
i I
i i
| 1
1 1

?

</think>

<answer>
cannot be determined

/ Correct Evidence Grounding

' <think> |
| First, we locate the relevant evidence in the table. The international subscribers of Discovery |
. Channel and Animal Planet are found in the table: Discovery Channel = 246[cell: (t1.rlcl)]; i
' "Animal Planet = 183[cell: (t1,r2.c1)]./Thus, 246 — 183 = 63. i
| <fthink>
[ |

<answer>
63
" </answer> . 4

(b) A visual evidence extraction error of the unadapted encoder and the corresponding correct grounding.

Figure 5: Error analysis. (a) Error distribution of general-purpose VLMs and MERIT. (b) A
representative perception failure.

accuracy from adding intermediate rewards, with the largest individual gain coming from calculation
feedback.
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Table 11: Effect of different reward variants with the final checkpoint fixed. Questions, table inputs,
and decoding settings are unchanged. The three QA datasets are TABMWP, WTQ, and TAT-QA,
while the two fact verification datasets are TabFact and InfoTabs. Avg. averages all five datasets.
Scores are accuracy (%).

Table Question Answering  Fact Verification

Reward Variant Avg.
TABMWP WTQ TAT-QA TabFact InfoTabs
Answer only 97.94 7129  87.18 89.73 7893  85.01
Answer + Evidence 98.13 72.31 87.05 89.80 78.26 85.11
Answer + Calculation 98.04 72.03  88.08 89.48 79.31 85.39
Full 98.13 72.86 87.56 90.08 78.63 8545

C.4 ADDITIONAL IMAGE-TEXT COMPARISON CASES

Figures 6 and 7 present additional qualitative comparisons to illustrate how table images complement
serialized table text. These cases highlight two types of structural errors under text-only input:
temporal row alignment and within-row association.

. Text-only \
Table t1 i <think>
e e B il i The question asks for the change in the warranty reserve :
A . i from 2017 to 2018. 3
" i Lidentify|the balance as of January 1, 20l7|as|Sl‘),634| ]
r2 i and the balance as of December 31, 2018 as $23,262. i
Z 1 Change = 23,262 — 19,634 = 3,628. x ]
5 Balas of December 31, 2018 B i </think> o " ? i
1 In plain text input, the model g 1
@ < ! . chose the January 1, 2017 Y X
H balance instead of the December i
\ 3,628 31, 2017 year-end balance. /
'\ </answer> S
Question e -
What is the change in the warranty reserve
from 2017 to 2018? Text + Image
<think> Analysis
First, we locate the relevant evidence in the table. y 4
The change in the warranty reservefrom 2017 to 2018 need:
. Balance as of December 31, 2017 =$23,151]cell: (t1.r3.c])]
AL Balance as of December 31, 2018 =[§23.262]celT: ({T.r6.cD]|
Both values are year-end balances. Location
The text-only model selects the wrong balance Change =23,262 — 23,151 = 111. Caculation
row, while the table image helps align the </think>
values with their corresponding year-end —answer _‘ -9
balances. 1 @l

</answer>

Figure 6: Image—text comparison case 1, illustrating temporal row alignment.

C.5 MORE GROUNDED REASONING CASES

We present additional grounded reasoning cases in Figures 8 and 9. These examples demonstrate
how our trajectory format explicitly connects logical cell coordinates to intermediate calculations
and final answers, so that evidence selection, computation, and the final answer can each be checked
against the source table.
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Table t1 / Text-only \

i <think> :
I T A AR AN PYRT i The question asks for the number of shares issued in 2015. 1
N i The table provides dividend payment information, but I :
'ayment Amount Total 1 = = N . '
0 Date per Share Amount 1 |do not identifyja direct value for the number of shares issued. 1
(in millions) 1 - '
" 2018 14 $190 i Then:efore, he requested value cannot be determined. E
2 2016 S1.16 S172 1 </think> ]
i 1
3 2017 S1.49 $216 t— ]
2] | <answer> In plain text input, the model ]
s Do 2 - FEN AN e E not available failed to associate the amount E
L </answer> per share and total amount '

\ from the 2015 row.

Ve ™\
Question
What was the number of shares issued in s
2015 in millions? / Text + Image \
‘ I - <think>
First, we locate the relevant evidence in the table.
o . or the number of shares issued in 2015: =)  Analysis

Amount per share 4 $1.14[cell: (tl.rl.cl)] -
Total amount =[§170 million[cell: (t1,r1,c2)]] ™ = Location
Both values belong to the same 2015 row. ]

4 Analysis

The text-only model fails to associate the || Number of shares =170 / 1.14 ~ 149.12 million. Caculation

relevant cells within the same row, while the </think>
table image helps align the amount per share
i ] <answer>
.and total amount for 2015. /14912 million
e . " </answer>

Figure 7: Image—text comparison case 2, illustrating within-row association.

Table t1
r0 Identity League cup League Cup Europe Total
rl cub/ried Season Division apps | Goals | Apps | Goals | Apps | Goals | apps | Goals | apps | Goals
r2 2008 veikkausliiga 2 o o o - o o 2 ]
r3 2009 veikkausliiga 0 o o o o o o o
rd fchonka 2010 veikkausliiga 6 o o o 1 o 7 o
rs 2011 veikkausliiga 30 5 o o a o 34 5
r6 2012 veikkausliiga 33 1 5 0 - 0 0 38 1
r7 fe honka subtotal 71 6 5 o 0 o 5 o 81 6
8 2013 veikkausliiga 31 1 1 0 2 0 34 1
r9 hik 2014 veikkausliiga 27 3 3 o a o 34 3
rlo 2015 veikkausliiga 27 2 3 o - 5 o 35 2
rll hjk subtotal 85 6 7 o 0 o 11 o 103 6
ri2 2016 tippeligaen 30 2 2 o o o 32 2
start
ri3 2017 ‘obos-ligaen 25 2 2 o - o o 27 2
4 start subtotal 55 4 4 o 0 0 o o 59 4
rls sandnes ulf 2018 ‘obos-ligaen 27 3 3 o - o o 30 3
r16 career total 238 2 29 o 0 0 16 [ 273 19
0 1 2 3 od ) 6 7 8 9 clo cll cl2
Reasoning trace legend
. <think> :
Question: l*'il’s:. we l«mlﬂlc the relevant evidence in the table. } Ere[
N For "fc honka" [cell: (t1.r2.c0)], the subtotal row [cell |
e (t1.17.c0)] shows 71 League Apps [cell: (1.r7.¢3)] and (evidence tuples) !
highest average 6 League Goals [cell: (t].r7.c4)]. Therefore, its average 3
: number of goals » goals per match is 3 \
. | per match across '
all its listed seasons, "hjk": 2 start" : : "sandnes ulf" :
average of 0.1111, while "fc honka" has the second-

penenishts highest average of 0.0845. The difference is
average than that of

il o @ Comparing these values. "sandnes ulf" has the highest : :

. or approximatel; ercentag |
|| the second-highest points, Approximately =01 percentage
I club? </think> :

<answer> 3
sandnes ulf, 0.1111 goals per match; 2.66 percentage A H
points higher than fc honka (answer) :
</answer>

Figure 8: Grounded reasoning case 1, showing the table, question, cited cells, reasoning process, and
final answer.
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Table t1

Visible minority populatior

Area/Field Regional municipality Municipality Population

Male Female

Ajax 109600
Durham

Pickering 90985
Mississauga 713443
Brampton 523911
Vaughan 288301

Toronto CMA

Richmond Hill 195022
\ELGEN 301709

c2

L Reasoning trace ; legend -
[ Question: <think> AR |
Within the Toronto First, we locate the relevant evidence in the table. 3 i E
CMA, considering Within the Toronto CMA, York Region municipalities 3 ETef !
only York Region with populna\llons al:ove 150,000 a{e: i (evidence .
iR ok V§ughan( 2$8301 [cell: (t1.r6,c3)]), ' tupl '
P . Richmond Hill ("195022" [cell: (t1.r7.c3)]). : uples) |
populations above | T 11 Markham ("301709" [ccll: (11.18.03))). 3 :
150,000, which Their female visible minority percentages are: ! :
municipality has the Vaughan "50.0" [cell: (t1.r6,c5)], i
highest female Richmond Hill "46.2" [cell: (t1,r7.c5)], ' E
visible minority and Markham "57.9" [cell: (t1.r8.c3)]. J i E
percentage? Mar'kham has the highest percentage at 57.9%. ' !

\ </think> ! !
<answer> }_ 3 A :

Markham 0 (answer) !

</answer> B -

Figure 9: Grounded reasoning case 2, showing the table, question, cited cells, reasoning process, and
final answer.
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