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Abstract

Tables contain rich structured information,
yet when stored as images their contents re-
main “locked” within pixels. Converting ta-
ble images into LaTeX code enables faith-
ful digitization and reuse, but current multi-
modal large language models (MLLMs) of-
ten fail to preserve structural, style, or con-
tent fidelity. Conventional post-training with
reinforcement learning (RL) typically relies
on a single aggregated reward, leading to re-
ward ambiguity that conflates multiple behav-
ioral aspects and hinders effective optimiza-
tion. We propose Component-Specific Policy
Optimization (CSPO), an RL framework that
disentangles optimization across LaTeX tables
components—structure, style, and content. In
particular, CSPO assigns component-specific
rewards and backpropagates each signal only
through the tokens relevant to its component,
alleviating reward ambiguity and enabling tar-
geted component-wise optimization. To com-
prehensively assess performance, we introduce
a set of hierarchical evaluation metrics. Ex-
tensive experiments demonstrate the effective-
ness of CSPO, underscoring the importance of
component-specific optimization for reliable
structured generation.

1 Introduction

Scientific documents often contain complex tables
that encapsulate critical data and insights (Gemelli
et al., 2024; Xia et al., 2024; Jiang et al., 2025).
However, when these tables are embedded in im-
ages—such as screenshots or PDFs—their struc-
tured information becomes locked within pixels,
hindering data extraction, analysis, and reuse. Ac-
curately converting table images into structured
LaTeX code is therefore a crucial step toward reli-
able digitalization and seamless editing.

* Work done during internship at Microsoft Research Asia.
† Corresponding authors.
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Figure 1: Motivating example of reward ambiguity in
table image-to-LaTeX generation. denotes a posi-
tive reward, while denotes a penalty. (a) Given a
table image, multiple LaTeX sequences are generated
with varied errors in structure, content, and style (errors
marked with ✗). Using a single global reward leads
to reward ambiguity, where (a1) an incorrect struc-
ture is erroneously reinforced, (a2) correct content is
unfairly penalized, and (a2) and (a3) receive identical
rewards despite differing component fidelity. (b) Our
method mitigates this by decomposing the LaTeX code
into functional components and assigning component-
specific rewards for targeted optimization, thereby
alleviating reward ambiguity.

Recent studies have explored the vision-to-code
problem through specialized systems tailored for
table understanding. LATTE (Jiang et al., 2025) in-
troduces iterative error localization and correction,
while DocGenome (Xia et al., 2024) fine-tunes
Pix2Struct (Lee et al., 2023) for table parsing. Be-
yond these task-specific efforts, multimodal large
language models (MLLMs) such as GPT-4o and
Qwen2.5-VL have demonstrated strong visual-to-
text generalization, enabling zero-shot LaTeX gen-
eration. Nevertheless, both specialized systems and
general MLLMs often introduce structural incon-
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\usepackage{booktabs}
\usepackage{multirow}

\begin{table}
\centering
\caption{EER (\%) comparison.}
\begin{tabular}{c|c|c}
\hline
& Objective & EER [\%] \\ 
\hline
\multirow{3}{*}{d-vector} & Softmax & 10.72
\\
& Gradient reversal & 10.37 \\
& Anti-loss & 10.47 \\
& \textbf{JFE (proposed)} & \textbf{8.43} \\ 
\hline
\multirow{3}{*}{x-vector} & Softmax & 2.26 \\ 
& Gradient reversal & 5.87 \\
& Anti-loss & 1.46 \\
& \textbf{JFE (proposed)} & \textbf{1.07} \\ 
\hline
\end{tabular}
\end{table}
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Figure 2: Overview of Component-Specific Policy Optimization (CSPO). Particularly, CSPO decomposes each
generated code sequence into functional components (e.g., structure, cell appearance, caption, package inclusion,
alignment, and line style) using a LaTeX parser. It conducts component-specific rewarding by assessing each
component’s fidelity (with a strong LLM as the judge), performs component-specific credit assignment and
optimization, effectively mitigating reward ambiguity in table image-to-LaTeX generation.

sistencies (e.g., incorrect cell merges), lose fine-
grained formatting details (e.g., mismatched lines),
content mistakes, or generate non-compilable code.
This motivates the question: how can we effec-
tively align MLLMs for this highly structured table
generation?

Reinforcement learning (RL) has become a
dominant paradigm for post-training alignment,
yielding substantial improvements in reasoning,
programming, and mathematical problem solv-
ing (Ouyang et al., 2022; Qu et al., 2025; Yu et al.,
2025b; Guo et al., 2025). However, its use in table
image-to-LaTeX generation remains largely under-
explored. Unlike free-form language tasks (e.g.,
visual question answering), table-to-LaTeX genera-
tion presents distinct challenges, including multi-
faceted fidelity (covering structure, content, style),
hierarchical syntax (e.g., properly nested tabular
and multicolumn structures), and execution sensi-
tivity (the code part in Figure 2 shows an example
of LaTeX code sequence).

Existing RL approaches typically compute a sin-
gle aggregated reward across the entire output se-
quence (Shao et al., 2024; Yu et al., 2025a; Ling
et al., 2025). For such a highly structured sequence
generation task, this global aggregation is problem-
atic, as it introduces reward ambiguity—where
fundamentally heterogeneous aspects such as

structure, content, and style are collapsed into
a single undifferentiated signal/reward. Conse-
quently, the model struggles to assign credit accu-
rately, leading to unreliable gradients and lim-
ited fidelity improvements. Figure 1 illustrates
this issue: in (a1), an incorrect structure compo-
nent receives a positive global reward, mistakenly
reinforcing the error; in (a2), the correct content
component is wrongly penalized; (a2) and (a3) re-
ceive identical aggregated rewards despite differing
in component fidelity, failing to distinguish good
from bad performance in individual components.

To address this challenge, we propose
Component-Specific Policy Optimization (CSPO),
an RL framework specifically designed to mitigate
reward ambiguity by assigning dedicated rewards
to distinct functional components of LaTeX tables.
As illustrated in Figure 2, CSPO combines a
global reward that captures overall output quality
with component-specific rewards that disentangle
structure, content, and style. During RL training,
CSPO employs a LaTeX parser to decompose
each generated code sequence into fine-grained
functional components, including package imports,
structure, cell appearance, captions, alignment, and
line style. It then performs component-specific
rewarding by evaluating each component’s
fidelity, conducts component-specific credit
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assignment and optimization, leading to more
reliable component-level policy optimization.
This approach ensures that improvements in one
component are not overshadowed by errors in
others, thereby enhancing the model’s ability to
generate faithful LaTeX code.

Furthermore, to enable more diagnostic and
interpretable evaluation, we introduce a suite of
hierarchical metrics. Beyond global similarity
and compilation checks, these metrics separately
measure structural correctness (e.g., row/column
spans), content fidelity (e.g., cell values), and stylis-
tic consistency (e.g., line style, font styles), provid-
ing granular feedback on model performance.

Our contributions are summarized as follows:
• We identify reward ambiguity as a fundamental

challenge in RL-based structured sequence gener-
ation for table-to-LaTeX conversion.

• We propose CSPO, an effective RL frame-
work that addresses reward ambiguity through
component-specific rewarding and explicit
credit assignment, enabling reliable and control-
lable component-specific optimization.

• We introduce hierarchical evaluation metrics
for comprehensive and diagnostic assessment,
providing useful signals for guiding future table-
to-LaTeX model design and optimization.

Experimental results demonstrate the effectiveness
of our CSPO, highlighting the importance of ad-
dressing reward ambiguity and offering a general
blueprint for structured sequence generation tasks.

2 Related Work

Table Image to Structured Markup. Research
on image-based table recognition has evolved from
early detection and structure-parsing pipelines to
end-to-end systems that directly map images to
structured markup. Benchmarks such as PubTab-
Net (Zhong et al., 2020) were pivotal in this transi-
tion, introducing large-scale supervision for image-
to-HTML conversion. Encoder–decoder architec-
tures (e.g., EDD Zhong et al., 2020) focused on
HTML/XML outputs, motivating subsequent meth-
ods in image-to-structure generation.

Some recent studies adopted LaTeX as the target
format for its precise layout control, publication-
quality rendering, and seamless integration with
scientific workflows—capabilities that HTML
lacks. DocGenome (Xia et al., 2024) fine-tuned
Pix2Struct (Lee et al., 2023) for table image-to-
LaTeX conversion. LATTE (Jiang et al., 2025)

introduced iterative refinement with delta-view cor-
rection to improve renderable LaTeX extraction
from PDFs. Concurrent with our work, Ling et al.
(2025) post-train MLLMs with RL, using a sin-
gle aggregated global reward signal. Despite these
advances, these models still struggle to faithfully re-
construct tables, often producing misaligned struc-
tures, inconsistent formatting, or incorrect cell con-
tent. In this work, we identify reward ambiguity
as a key challenge limiting the effectiveness of RL-
based post-training and propose CSPO to address
it.
Post-training Alignment and RL. LLMs and
MLLMs have advanced rapidly, showing strong
generalization across diverse tasks. To further
enhance domain-specific skills, RL-based post-
training has become a widely adopted strategy for
alignment and performance improvement (Ouyang
et al., 2022; Qu et al., 2025; Yu et al., 2025b; Guo
et al., 2025; Perera et al., 2025; Lai et al., 2025;
Tang et al., 2025; Jia et al., 2025). Methods such as
GRPO (Shao et al., 2024) have shown effectiveness
in mathematical reasoning (Yu et al., 2025a), pro-
gram synthesis (Tang et al., 2025), and multimodal
analysis (Zhou et al., 2025; Lai et al., 2025).

However, most approaches rely on a single ag-
gregated reward that holistically evaluates outputs
(Shao et al., 2024; Ling et al., 2025), leading
to reward ambiguity and unreliable optimization
when applied to table image-to-LaTeX generation.
We address this limitation through disambiguated
credit assignment for component-specific policy
optimization.

3 Problem Formulation

We study the task of table image-to-LaTeX gener-
ation, which aims to generate a compilable LaTeX
code that faithfully reconstructs a given table im-
age in terms of structure, content, and style. Given
an input table image x and a LaTeX sequence
y = (y1, . . . , yT ) of length T , a policy model πθ
defines a conditional distribution:

πθ(y|x) =
T∏

t=1

πθ(yt | y<t,x). (1)

To optimize generation quality, a natural ap-
proach is post-training the policy model with RL,
which maximizes the expected reward:

J (θ) = Ey∼πθ(·|x)
[
R(y,y∗)

]
, (2)
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Figure 3: Illustration of proposed CSPO algorithm. Each component-specific advantage A
(g)
c (c ∈ C̃) is calculated,

and credited exclusively to its relevant tokens in rollout g.

where R(y,y∗) measures the consistency to the
reference y∗, e.g., via Tree-Edit-Distance-based
Similarity (TEDS) metric (see Appendix A).

4 Component-Specific Policy
Optimization

Reward Ambiguity. However, such a single holis-
tic reward R (e.g., TEDS) conflates heterogeneous
aspects of model behavior—structure, content, and
style— making it difficult to discern which parts of
the output are correct or erroneous (see Figure 1).
This reward ambiguity motivates our component-
specific approach introduced next.

We propose Component-Specific Policy Opti-
mization (CSPO), with the overall pipeline shown
in Figure 2. In particular, CSPO performs
component-specific policy optimization through
component decomposition, component-specific re-
warding, credit assignment and optimization, en-
abling reliable credit attribution and policy updates
for faithful LaTeX code generation.

4.1 Component Decomposition

LaTeX tables exhibit multi-dimensional fidelity,
where correctness depends jointly on the struc-
tural layout (e.g., rows, columns, merged cells),
contents (e.g., cell text and numbers), stylistic at-
tributes (e.g., alignment, line styles, boldface), and
compilability.

To facilitate disambiguated rewarding and credit
assignment, we build a rule-based LaTeX parser
to decompose each LaTeX sequence into seven
functional components:

C = {pkg, cap, struct, cell-app, align, vline, hline} ,
(3)

which includes package dependencies (pkg), cap-
tion correctness (cap), structural organization

(struct), cell appearance (cell-app), column align-
ment (align), and rule placement (vline, hline).
Please see Appendix B for more details. We il-
lustrate the decomposition by marking different
components with different colours over the gener-
ated LaTeX code in Figure 2.

4.2 Component-Specific Rewarding

We assign dedicated rewards to each functional
component of a LaTeX sequence to achieve dis-
ambiguated rewarding. Formally, for a generated
sequence y and its reference y∗, we denote the
component-specific rewards as

R(y,y∗) = {Rc | c ∈ C}, (4)

where Rc measures fidelity of component c. A
strong LLM (e.g., GPT-4o) serves as an auto-
matic judger (see Appendix C for prompt) to eval-
uate each component. Each component reward
is binary—1 if consistent with reference, 0 other-
wise—providing clear, localized signals that disam-
biguate rewards across components.

4.3 Credit Assignment and Optimization

With each functional component in C assigned a
dedicated reward, we attribute credit only to the
tokens corresponding to that component, avoiding
cross-component interference.

As illustrated in Figure 3, CSPO extends
Group Relative Policy Optimization (GRPO) by
augmenting the global reward with component-
specific rewards. Given a group of rollouts
{y(1), . . . ,y(G)} sampled from the MLLM policy
πθ, the component-specific advantage for compo-
nent c in rollout g is defined as:

A(g)
c =

R
(g)
c − µc

σc + ϵ
, (5)
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where R(g)
c represents the reward of component c in

rollout g, and µc and σc denote the mean and stan-
dard deviation of the rewards for this component,
respectively.

For the t-th token, we define the token-level
component advantage w.r.t. component c as

A
(g)
c,t = A(g)

c · I[y(g)t ∈ c], (6)

where 1[·] is an indicator function that activates
only when the generated token y

(g)
t belongs to

component c. This masking mechanism ensures
that gradient updates are applied exclusively
to relevant tokens, thereby facilitating precise
component-specific optimization.

While R
(g)
c optimizes component-wise fidelity,

it may overlook inter-component dependencies.
To compensate, we incorporate two global sig-
nals: the TEDS score RTEDS for overall similar-
ity, and a compile reward Rcmp to penalize non-
compilable outputs. Their sum forms the global
reward R

(g)
global = R

(g)
TEDS + R

(g)
cmp, whose normal-

ized advantage is shared across all tokens within
rollout g as A

(g)
global,t = A

(g)
global. For unified for-

mulation, we extend the component set in (3) to
include this global component as:

C̃ = C ∪ {global}. (7)

The CSPO objective maximizes the expected
normalized advantage while regularizing the policy
via a KL penalty to the reference model:

JCSPO(θ) = E(x,y∗)∼D,{y(g)}Gg=1∼πθold (·|x)
[
L(θ)−

βDKL(πθ||πref)
]
, whereL(θ) =

∑

c∈C̃
Lc(θ).

(8)
Each component-specific objective Lc(θ) adopts a
GRPO-style clipped surrogate loss:

Lc(θ) =
1

G

G∑

g=1

1

|y(g)
c |

|y(g)
c |∑

t=1

min
[
ρg,t(θ)A

(g)
c,t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
c,t

]
,

(9)

where |y(g)
c | denotes the number of tokens associ-

ated to component c, and ϵ is the clipping threshold.
Based on (8)(9), the overall objective L(θ) can

be reformulated (derivation in Appendix D) as

L(θ) = 1

G

G∑

g=1

1

|y(g)|

|y(g)|∑

t=1

min
[
ρg,t(θ)A

(g)
t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
t

]
,

(10)

Algorithm 1 Component-Specific Policy Optimiza-
tion (CSPO)
Require: Pretrained policy πθ, reference policy

πref, dataset D, group size G, wc

1: for each training iteration do
2: Sample a batch of table images x ∼ D
3: Generate G rollouts {y(g)}Gg=1∼πθ(·|x)
4: Decompose each y(g) into components c ∈

C
5: Compute component rewards R(g)

c and nor-
malize: A(g)

c = (R
(g)
c − µc)/(σc + ϵ), where

ϵ = 1× 10−4

6: Aggregate token-level advantages: A(g)
t =∑

c∈C̃
|y(g)|
|y(g)

c |
wcA

(g)
c 1[y

(g)
t ∈ c]

7: Update πθ by maximizing the clipped
CSPO objective in (8).

8: end for

where A
(g)
t denotes the token-level aggregated

advantage, which integrates the contributions of
all components:

A
(g)
t =

∑

c∈C̃

|y(g)|
|y(g)

c |
A

(g)
c,t

=
∑

c∈C̃

|y(g)|
|y(g)

c |
A(g)

c · I[y(g)t ∈ c].

(11)

Here, |y(g)| is the total token count of rollout g. For
the global component, |y(g)

global| = |y(g)|, whereas

for others |y(g)
c | < |y(g)|.

Notation summaries are in Appendix E. Algo-
rithm 1 summarizes the CSPO process. wc denotes
weights for balancing the contributions of different
components (see ablation in Appendix F.1).

5 Evaluation Metrics

To systematically assess model capabilities, we in-
troduce a hierarchical evaluation framework that
combines global similarity metrics—TEDS for
overall matching and compile success rate—with
newly proposed fine-grained diagnostics that disen-
tangle structure, style, and content fidelity, enabling
more interpretable analysis of model behavior be-
yond aggregated scores.
• Tree Edit Distance Similarity TEDS: mea-

sures the overall semantic and structural similarity
between generated and reference LaTeX render-
ings (see Appendix A).
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• Compilation Rate R: the percentage of gener-
ated LaTeX codes that compile successfully.

Fine-Grained Metrics. To provide a more gran-
ular evaluation, we introduce fine-grained metrics
automatically computed by an LLM (e.g., GPT-4o)
that compares the predicted code y with the refer-
ence y∗ (see Appendix C for the detailed prompt).
Each metric is defined at the table level: a score of
1 indicates correctness, and 0 indicates at least one
error. We evaluate along three main dimensions:
• Structural Correctness (S): Verifies the consis-

tency of structural elements, including merged
cells (\multicolumn, \multirow) and cell posi-
tions.

• Content Fidelity (C): Checks equivalence of
textual and numeric entries with the ground truth.

• Stylistic Fidelity (Y ): Assesses presentation con-
sistency, including line style (Yline), column/cell
alignment (Yalign)(e.g., left aligned), and cell for-
matting (Ycell)(e.g., boldface, underline), where
Y = Yline ∧ Yalign ∧ Ycell. ∧ denotes logical AND
operation.

We further define composite indicators to assess
the overall fidelity in terms of structure, content,
style, and compilation success:
• Overall Fidelity (OF = S ∧ C ∧ Y ∧R): Com-

bined correctness across structure, content, style,
and compilation success.

6 Experiments

We conducted extensive experiments to validate
the effectiveness of our proposed CSPO for table
image-to-LaTeX generation.

6.1 Experimental Setup

Dataset. We construct TableTex, a benchmark com-
prising 19000 pairs of table images and renderable
LaTeX codes. In order to support complete ta-
ble generation, each table code contains (i) nec-
essary package declarations to ensure its compi-
lation correctness; (ii) the caption of table1; (iii)
the body of the table that preserves the rich styles
and formatting of the original table. The dataset
is curated from scientific articles collected from
arXiv, where renderable table code is directly ex-
tracted from LaTeX sources. The articles span
six major categories—Computer Science, Math-
ematics, Economics, Electrical Engineering and

1Existing datasets usually lack table captions and sample-
wise compilation package specifications, which we include
for table completeness.

Systems Science, Quantitative Finance, and Statis-
tics—covering publications from 2012 to 2025.
Each extracted LaTeX snippet is rendered into an
image, resulting in tables with diverse aspect ratios,
resolutions, and visual layouts.

We split the dataset to training set TableTex-train
of 15000 samples and testing set TableTex-test of
4000 samples by a random partition.

We evaluate our method on three benchmarks:
one in-domain dataset, TableTex-test, and two
out-of-domain datasets, i.e., DocGenome-table-
1k (Xia et al., 2024), and Table2LaTeX-test-simple
(Ling et al., 2025). (i) DocGenome-table-1k
(Xia et al., 2024) is a 1,000-sample subset of
DocGenome, where table images are automatically
annotated by DocParser and cropped directly from
raw PDFs. As a result, the dataset exhibits sub-
stantial variability in table localization accuracy,
as well as occasional background clutter and par-
tial table truncation, making it a significantly more
challenging benchmark for robust table code gen-
eration. (ii) Table2LaTeX-test-simple consists of
496 test samples from (Ling et al., 2025), where
the table captions and colors are excluded during
their dataset construction.

Evaluation Metrics. Metrics defined in Section 5
are used for evaluation. By default, we evaluate the
models on the fine-grained metrics by using GPT-
4o as the judge. Consistent trends were observed
when using other LLM judges (see Section 6.4).

Implementation Details. We adopt vi-
sion–language models based on multimodal
LLM backbones (i.e., Qwen2.5-VL-3B, Qwen2.5-
VL-7B) as base models, and train them using
a two-stage procedure: supervised fine-tuning
(SFT) followed by reinforcement learning (RL).
For SFT, we train on 10000 samples for one
epoch, with an initial learning rate of 5e-6 and a
batch size of 64. For RL, we use 5,000 training
samples and train for two epochs, with a rollout
batch size of 16 and four gradient accumulation
steps. We set the group size G to 8, and the
learning rate to 1e-6. We employ a fixed weighting
scheme to balance the contributions of different
components, i.e., L(θ) =

∑
c∈C̃ wcLc(θ), where

we assign wglobal = 3 to the global component and
set wc = 1 for each remaining component. For
evaluation, we generate a single rollout for each
input image using greedy decoding.
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Model TEDS ↑ OF ↑ S ↑ C ↑ Y ↑ Yline ↑ Yalign ↑ Ycell ↑ R ↑

GPT-4o (OpenAI, 2025a) 72.3 6.8 65.0 73.1 9.4 23.0 54.0 72.5 99.9
Gemini-2.5 Flash (Comanici et al., 2025) 66.2 11.1 78.8 79.2 12.9 33.5 47.2 81.3 99.3
Qwen2.5-VL-72B (Bai et al., 2025) 75.9 10.1 79.6 76.2 12.6 32.1 56.7 69.9 99.7
Nougat (Blecher et al., 2023) 67.9 21.2 68.7 63.3 25.8 37.1 71.9 70.1 99.1

Qwen2.5-VL-3B 66.0 3.1 51.8 59.8 4.5 18.9 34.0 61.7 93.7
Qwen2.5-VL-3B-VSGRPO∗ (Ling et al., 2025) 87.8 40.4 77.5 86.6 47.6 70.9 71.4 91.9 99.7
Qwen2.5-VL-3B-GRPO 87.7 42.0 74.7 86.7 50.3 74.9 71.5 92.0 99.6
Qwen2.5-VL-3B-CSPO (Ours) 87.9 45.2 77.6 87.0 53.6 76.5 74.2 92.1 99.6

Qwen2.5-VL-7B 64.0 5.3 67.0 63.0 6.4 19.5 46.7 60.7 77.2
Qwen2.5-VL-7B-VSGRPO∗ (Ling et al., 2025) 89.5 51.1 81.3 89.9 58.2 76.8 79.5 93.9 99.9
Qwen2.5-VL-7B-GRPO 89.7 50.6 80.7 89.7 58.9 76.8 80.5 93.7 99.9
Qwen2.5-VL-7B-CSPO (Ours) 89.7 53.0 81.4 90.0 60.6 76.6 82.7 93.9 99.8

Table 1: Performance comparisons on TableTex-test (with fine-grained metrics evaluated by GPT-4o). We report
metrics across hierarchical dimensions. Global metrics: TEDS, Overall Fidelity (OF), Compilation Rate (R);
Fine-grained metrics: (i) Structure Fidelity (S), (ii) Content Fidelity (C); (iii) Style Fidelity(Y): Line Style (Yline),
Alignment (Yalign), Cell Style (Ycell). Higher scores (↑) indicate better performance. Note that all evaluation metrics,
initially defined in the [0, 1] range (e.g., scoring and correctness measures), are presented as percentages (%) in all
the tables for clarity. ∗ denotes that, for fair comparison, we reimplement the reward design of Ling et al. (Ling
et al., 2025) within our codebase and dataset.

DocGenome-table-1k Table2LaTeX-test-simple
Method TEDS ↑ OF ↑ S ↑ C ↑ Y ↑ TEDS ↑ OF ↑ S ↑ C ↑ Y ↑

GPT-4o (OpenAI, 2025a) 60.2 5.1 55.0 41.2 8.4 70.6 3.4 60.9 66.1 4.6
Gemini-2.5 Flash (Comanici et al., 2025) 60.5 8.0 64.9 57.1 12.5 71.5 10.5 72.0 78.4 12.9
Qwen2.5-VL-72B (Bai et al., 2025) 60.3 5.0 61.2 53.9 8.2 74.7 7.5 64.9 66.5 11.7
Nougat (Blecher et al., 2023) 30.8 0.8 27.7 4.4 8.8 27.0 0.4 20.6 2.8 5.7

Qwen2.5-VL-3B 50.2 1.1 43.5 37.0 1.7 63.5 2.0 39.1 44.2 3.0
Qwen2.5-VL-3B-VSGRPO∗ (Ling et al., 2025) 71.5 17.8 60.3 53.8 30.9 81.5 22.6 63.3 74.2 30.7
Qwen2.5-VL-3B-GRPO 71.3 18.9 60.0 54.4 33.1 81.5 24.4 58.3 75.6 32.1
Qwen2.5-VL-3B-CSPO (Ours) 72.5 21.0 63.6 54.7 34.5 82.3 26.0 64.3 74.4 33.9

Qwen2.5-VL-7B 56.6 3.9 51.2 46.3 6.0 66.4 4.0 54.6 58.7 5.4
Qwen2.5-VL-7B-VSGRPO∗ (Ling et al., 2025) 73.9 25.9 67.8 63.0 39.6 82.9 33.9 66.9 80.2 42.3
Qwen2.5-VL-7B-GRPO 74.7 26.9 68.5 62.7 38.7 83.1 34.7 64.7 79.8 44.8
Qwen2.5-VL-7B-CSPO (Ours) 74.7 29.2 68.8 63.6 41.1 83.5 37.1 69.0 78.4 46.0

Table 2: Generalization performance on DocGenome-table-1k and Table2LaTeX-test-simple (with fine-grained
metrics evaluated by GPT-4o). ∗ denotes that, for fair comparison, we reimplement the reward design of Ling et
al. (Ling et al., 2025) within our codebase and dataset.

6.2 Quantitative Results

We compare our method with representative
baselines: (i) closed-source multimodal large
language models (MLLMs) (e.g., GPT-4o and
Gemini-2.5 Flash); (ii) open-source MLLMs
(e.g., Qwen2.5-VL-72B, Qwen2.5-VL-3B,
Qwen2.5-VL-7B); (iii) specialized expert model
Nougat (Blecher et al., 2023), which is an
open-source system for LaTeX code conversion;
(iv) for fairness, we compare baseline models
Qwen2.5-VL-3B/7B-GRPO (trained with SFT, and
GRPO (Shao et al., 2024) using only our global
reward Rglobal); In addition, we implemented the
global reward design from Ling et al. (Ling et al.,
2025) which aggregates code structure consistency

and visual fidelity as a single reward, which we
refer to as Qwen2.5-VL-7B-VSGRPO (Ling et al.,
2025). Note that these models all suffer from
reward ambiguity during RL.
Main Result. Table 1 reports the results on
TableTex-test. We have five main observa-
tions/conclusions. (i) Our models Qwen2.5-VL-
3B/7B-CSPO achieves the highest overall perfor-
mance in terms of Overall Fidelity (OF) and TEDS
scores, outperforming general-purpose MLLMs
and baseline models. (ii) Under the same set-
tings, CSPO consistently outperforms GRPO by
3.2%/2.4% on the 3B/7B models in terms of
Overall Fidelity (OF), outperforms VSGRPO by
4.8%/1.9% on the 3B/7B models, demonstrating
the effectiveness of our component-specific policy
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Model TEDS ↑ OF ↑ S ↑ C ↑ Y ↑

Base 66.0 3.1 51.8 59.8 4.5
SFT 87.1 39.8 75.8 86.1 47.3

GRPO 87.7 42.0 74.7 86.7 50.3
CSPO w/ Comp. Sum 87.7 42.2 76.3 87.0 50.9
CSPO w/o Global 87.7 44.7 77.9 86.3 51.2

CSPO (Ours) 87.9 45.2 77.6 87.0 53.6

Table 3: Ablation studies on 3B models evaluated on
TableTex-test.

optimization. (iii) CSPO shows consistent improve-
ment across structure (S), content (C), and style
fidelity (S), indicating that component-specific op-
timization effectively alleviates reward ambigu-
ity and drives targeted fidelity enhancement. (iv)
Qwen2.5-VL-7B-CSPO, with increased model ca-
pacity, achieves higher performance than Qwen2.5-
VL-3B-CSPO. (v) Our fine-grained metrics enable
a more diagnostic evaluation than TEDS, which
only provides an aggregated score. They reveal that
general-purpose MLLMs perform well on struc-
ture (S) and content (C) but lag behind on style
fidelity (Y), while table-specialized models exhibit
more balanced performance. We hope these met-
rics provide useful signals for guiding future table-
to-LaTeX model design and optimization.
Generalization Performance. Table 2 shows the
comparisons on two out-of-domain datasets. On
DocGenome-table-1k, CSPO achieves the best per-
formance across the 3B and 7B models, deliver-
ing consistent gains in structure, content, and style
fidelity. Compared to GRPO, Qwen2.5-VL-3B-
CSPO and Qwen2.5-VL-7B-CSPO improve Over-
all Fidelity by 2.1% and 2.3%, respectively. On
Table2LaTeX-test-simple, CSPO consistently out-
performs GRPO/VSGRPO in terms of Overall Fi-
delity and TEDS. Overall, the results confirm the
effectiveness of CSPO on out-of-domain datasets
and model sizes.

6.3 Ablation Studies

Table 3 shows the ablation results to validate the ef-
fectiveness of our designs on top of 3B base model
(Qwen2.5-VL-3B).
Effect of Reward Ambiguous. Beyond comparing
CSPO and GRPO, we further evaluate the variant
CSPO w/ Comp. Sum, which naively aggregates
the global reward and component-specific rewards
into a single scalar reward optimized via GRPO.
CSPO outperforms CSPO w/ Comp. Sum by 3%
in OF, demonstrating that the performance gain

stems from component-specific credit assignment
and targeted optimization, rather than merely incor-
porating additional reward signals.
Effect of Global Rewards. Removing the global
reward Rglobal (i.e., CSPO w/o Global), i.e.,
wglobal = 0 leads to 0.5% performance drops. This
highlights the value of incorporating global con-
straints on overall context.
SFT vs. RL. SFT can effectively warm up the
training, which quickly boosts the performance of
the base model from 3.1% to 39.8% in terms of OF.
RL with GRPO and our CSPO further improve the
model capabilities by 2.2% and 5.4%, respectively.
Effect of Specific Components. We study the in-
fluence of different component rewards. Table 6
in Appendix F.1 shows that removing structure-
related or style-related rewards leads to a signifi-
cant performance drop, while the impact of content-
related reward is comparatively smaller.
Effect of Weight wc. Appendix F.1 (Table 7)
shows the ablation study on component weight wc.
Effect of Reward Granularity. See Appendix
F.1 for the ablation study on the impact of reward
granularity.

6.4 Reliability of LLM Evaluation
To ensure the robustness of LLM-based evaluation,
we validate it from three aspects.

First, we employ multiple independent LLM
judges (i.e., GPT-4o (OpenAI, 2025a), Qwen3-
Next-80B (Yang et al., 2025), DeepSeek-v3.2 (Liu
et al., 2025), and GPT-5.2 (OpenAI, 2025b)) in
testing. Table 4 show that the overall performance
trends are largely consistent across different LLM
judges for 3B models (see Appendix F.2 for 7B
models). This also demonstrates the effectiveness
of our method.

Second, we verify strong agreement between
LLM judgments and human evaluation (for GPT-
4o, approximately 90% consistency on 500 ran-
domly sampled examples).

Third, we repeat the GPT-4o evaluation eight
times and observe low variance (0.1–0.4) for
metrics. Detailed analyses are provided in Ap-
pendix F.2.

6.5 Qualitative Results
We visualize the rendered table images from differ-
ent models. Figure 4 shows that our CSPO gener-
ates correct structure (marked by green box), line
style (marked by green arrow), while GRPO suf-
fers on structure (marked by red box) and line style
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LLM Evaluators/Judge Method Overall Fidelity Structure Fidelity Content Fidelity Style Fidelity

GPT-4o (by default)
SFT 39.8 75.8 86.1 47.3
GRPO 42.0 74.7 86.7 50.3
CSPO (Ours) 45.2 77.6 87.0 53.6

Qwen3-Next-80b
SFT 37.6 72.0 88.4 47.2
GRPO 39.7 71.6 88.2 49.9
CSPO (Ours) 43.3 75.5 88.5 52.5

DeepSeek-v3.2
SFT 34.0 75.7 86.5 42.0
GRPO 35.8 75.8 87.5 43.3
CSPO (Ours) 39.7 78.5 86.7 47.3

GPT-5.2
SFT 30.6 66.1 75.7 38.7
GRPO 31.1 65.4 75.4 40.2
CSPO (Ours) 34.5 70.1 76.2 43.0

Table 4: Performance comparisons among 3B SFT, GRPO and our CSPO models, with fine-grained metrics
evaluated by using different LLM judges.

Ground Truth

CSPO (Ours)

GRPO

Figure 4: A typical example comparing GRPO and
CSPO of 7B models, showing CSPO mitigates struc-
ture and line style errors.

(marked by red arrow). Figure 5 shows that CSPO
recovers the cell style (marked by ellipse) accu-
rately. See Appendix F.4 for more visualization.

7 Conclusion

We propose Component-Specific Policy Optimiza-
tion (CSPO), a reinforcement learning framework
that alleviates reward ambiguity in table image-
to-LaTeX generation through component-specific

Ground Truth

CSPO (Ours)

GRPO

Figure 5: A typical example comparing GRPO and
CSPO of 3B models, showing CSPO mitigates cell style
errors.

rewarding, explicit credit assignment, and targeted
policy optimization. Extensive experiments on
both in-domain and out-of-domain benchmarks
demonstrate that CSPO consistently improves
structural, style, and content fidelity, highlighting
the importance of addressing reward ambiguity in
structured sequence generation.

8 Data Consent

We collect data from arXiv, using only papers with
CC BY, CC BY-SA, CC0, and CC BY-NC licenses.
We will ensure that all collected data is used solely
for research purposes, respecting the terms of the
respective licenses. No personal or sensitive infor-
mation is included, and all experiments and model
training strictly follow ethical guidelines and data
usage policies.
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9 Limitations

Our CSPO design has alleviated the reward am-
biguous problems and significantly enhanced the
performance. However, there are still some limi-
tations. (i) First, the overall fidelity of our models
leaves room for further improvement (e.g., 53%
for the 7B-CSPO model). (ii) The scale of our
training dataset is still small (i.e., 15000 samples).
More training data would further improve the per-
formance. (iii) CSPO relies on LLM-based evalu-
ation during training, which introduces additional
cost.
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A TEDS

Global Similarity Metric TEDS. Inspired
by (Zhong et al., 2020), we adopt the
Tree-Edit-Distance-based Similarity (TEDS)
score to measure the overall similarity. Particularly,
we represent the generated LaTeX code and the
ground-truth code as rooted tree structures Tpred

and Tgt, respectively. The root has four types of
children: table caption, tabular (which represents
the column alignment manners and column lines),
row entity, and line entity. The tabular and row
entity nodes have multiple leaves to elaborate the
table details. For example, under each row entity,
each cell corresponds to a leaf node. We compute
a normalized edit distance:

TEDS(Tpred, Tgt) = 1− EditDist(Tpred, Tgt)

max(|Tpred|, |Tgt|)
,

(12)
where EditDist denotes tree-edit distance, and |T |
denotes the number of nodes in T . The cost of
insertion, deletion, editing are all 1. Note that we
do not take the package headers into consideration
in the TEDS measure.

B Component Decomposition

The components in C are defined as follows:
• pkg: imported packages (e.g., booktabs,
multirow);

• struct: tabular structure, including row/column
merges and overall layout consistency;

• cap: table caption consistency;
• cell-app: cell-level appearance, covering textual

fidelity and formatting consistency (e.g., bold,
underline);

• align: column alignment type, specifying
whether each column is centered, left-, or right-
aligned (c, l, r);

• vline: vertical rule placement (|);
• hline: horizontal rule placement (\hline,
\cline).

C Prompts for Rewarding and Evaluation

C.1 Prompt for Component Rewarding

To automatically provide reward for each compo-
nent, we leverage a strong LLM as the reward
model, i.e., an automatic evaluator, to compare
the predicted code y against the ground-truth y∗ to
score each component. For each component, the
evaluator checks consistency between prediction

and reference. If the component matches, the re-
ward is set to 1; otherwise, if inconsistencies are
detected, the reward is set to 0. The detailed prompt
is shown in Figure 6.

C.2 Prompt for Fine-grained Evaluation

Figure 7 provides the prompt for the fine-grained
fidelity evaluation in terms of content, structure,
and style (line style, alignment, and cell style).

D Derivation of Aggregated Objective in
CSPO

In this appendix, we provide a detailed derivation
of Eq. (10) from Eq. (8) and (9).

D.1 Component-Level Objective Recap

Recall that CSPO decomposes the overall objective
into component-specific terms:

L(θ) =
∑

c∈C̃
Lc(θ), (13)

where each Lc(θ) corresponds to the clipped policy
gradient surrogate for component c:

Lc(θ) =
1

G

G∑

g=1

1

|y(g)
c |

|y(g)
c |∑

t=1

min
[
ρg,t(θ)A

(g)
c,t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
c,t

]
,

(14)
|y(g)

c | indicates the number of tokens associated
with component c in rollout y(g), ϵ denotes the
clipping threshold.

D.2 From Component-Level to Unified
Objective

To unify all component-level objectives into a sin-
gle token-level surrogate, we first sum over all com-
ponents:

L(θ) = 1

G

G∑

g=1

∑

c∈C̃

1

|y(g)
c |

|y(g)
c |∑

t=1

min
[
ρg,t(θ)A

(g)
c,t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
c,t

]
.

(15)

Since each rollout y(g) contains all tokens across
components, we can reorganize the double sum
over (c, t) into a single sum over all token indices
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t in y(g). To ensure proper weighting across com-
ponents with different token spans, we normalize
by the total token length |y(g)|:

L(θ) = 1

G

G∑

g=1

∑

c∈C̃

1

|y(g)
c |

|y(g)|
|y(g)|

|y(g)
c |∑

t=1

min
[
ρg,t(θ)A

(g)
c,t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
c,t

]

=
1

G

G∑

g=1

1

|y(g)|
∑

c∈C̃

|y(g)
c |∑

t=1

|y(g)|
|y(g)

c |
min

[
ρg,t(θ)A

(g)
c,t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
c,t

]

=
1

G

G∑

g=1

1

|y(g)|
∑

c∈C̃

|y(g)|∑

t=1

|y(g)|
|y(g)

c |
min

[
ρg,t(θ)A

(g)
c,t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
c,t

]

=
1

G

G∑

g=1

1

|y(g)|

|y(g)|∑

t=1

min
[
ρg,t(θ)A

(g)
t ,

clip(ρg,t(θ), 1− ϵ, 1 + ϵ)A
(g)
t

]
,

(16)

where the aggregated token-wise advantage A(g)
t is

as:

A
(g)
t =

∑

c∈C̃

|y(g)|
|y(g)

c |
A

(g)
c,t . (17)

Note that the second- to third- equation holds be-
cause A

(g)
c,t = 0 whenever yg,t /∈ c.

This formulation ensures that:
• Balanced credit assignment: Components with

fewer associated tokens (e.g., global style indica-
tors) are up-weighted, preventing their gradients
from vanishing.

• Unified training signal: By aggregating all
component-specific advantages into token-level
surrogate, CSPO allows end-to-end optimization
using a GRPO-style objective.

E Notation Summary

The main notations used in the CSPO framework
are summarized in Table 5.

F More Results

F.1 More Ablation
Effect of Specific Components. We study the
influence of different component rewards. Ta-
ble 6 shows that removing structure-related or style-
related rewards leads to a significant performance

Table 5: Notation summary for CSPO framework.

Notation Description

x Input table image
y Generated LaTeX sequence
y∗ Reference LaTeX sequence
πθ Policy model with parameters θ
T Length of LaTeX sequence
G Number of rollouts per group
y(g) The g-th rollout in a group
|y(g)| Total token count in rollout g

C Set of functional components
C̃ Extended component set including global
c A specific component in C or C̃

|y(g)
c | Number of tokens in component c for rollout g

Rc Component-specific reward for component c
R

(g)
c Reward of component c in rollout g

R
(g)
global Global reward (TEDS + compilation) for rollout g

A
(g)
c Component-specific advantage for component c

A
(g)
c,t Token-level component advantage at position t

A
(g)
t Token-level aggregated advantage at position t

wc Weight for component c
α Fixed weight for global component
β Sensitivity parameter for adaptive weighting
λ Smoothing parameter for weight updates
ϵ Clipping threshold for PPO-style objective

I[·] Indicator function
ρg,t(θ) Importance ratio πθ(y

(g)
t |y(g)<t ,x)/πθold(y

(g)
t |y(g)<t ,x)

drop, while the impact of removing the content-
related reward is comparatively smaller. This is
likely because content fidelity is already relatively
high compared to structure and style fidelity (see
the performance of GRPO). As a result, there is less
room for further optimization on content, and incor-
porating content-specific rewards yields a smaller
marginal effect. Removing all component-specific
rewards reduces the model to the GRPO baseline,
highlighting the importance of decomposed opti-
mization.

Note that here the content reward (i.e., caption
and cell-appearance2) primarily affects text accu-
racy, the structure reward (i.e., table layout) de-
termines structure accuracy, the style reward (i.e.,
column alignment and line style) influences style
consistency.

Actually, the scheme CSPO w/o Style Reward
only removes partial styles (i.e., column alignment
and line style) while still keeping the cell style.
This is because in a cell, we cannot disentangle
the textual content and style in considering a cell
is already a small unit in a table. Then the cell
content and style are still optimized. That may be

2In a cell, we do not disentangle the textual content and
style in considering a cell is already a small unit in a table.
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Variant TEDS ↑ OF ↑ S ↑ C ↑ Y ↑ Yline ↑ Yalign ↑ Ycell ↑ R ↑

GRPO (no components) 87.7 42.0 74.7 86.7 50.3 74.9 71.5 92.0 99.6
CSPO w/o Content Reward 87.9 45.2 77.4 86.9 53.4 76.0 74.4 92.5 99.7
CSPO w/o Structure Reward 87.8 43.3 77.0 86.0 51.8 73.3 74.5 92.4 99.6
CSPO w/o Style Reward 87.7 43.1 79.0 87.5 49.6 72.3 72.7 92.4 99.6

CSPO (Ours) 87.9 45.2 77.6 87.0 53.6 76.5 74.2 92.1 99.6

Table 6: Ablation study on reward components on 3B models.

Variant TEDS ↑ OF ↑ S ↑ C ↑ Y ↑ Yline ↑ Yalign ↑ Ycell ↑ R ↑

GRPO (wglobal = 10, wcomp = 0) 87.7 42.0 74.7 86.7 50.3 74.9 71.5 92.0 99.6
CSPO (wglobal = 7, wcomp = 3) 88.0 43.6 76.4 85.9 52.1 74.4 74.1 91.9 99.8
CSPO (wglobal = 5, wcomp = 5) 87.9 44.8 77.1 86.9 53.1 76.0 73.8 92.7 99.7
CSPO (wglobal = 3, wcomp = 7) 87.9 45.2 77.6 87.0 53.6 76.5 74.2 92.1 99.6
CSPO (wglobal = 0, wcomp = 10) 87.7 44.7 77.9 86.3 51.2 73.7 73.4 92.1 99.8

Table 7: Ablation on reward weights for different components on 3B models.

Method TEDS OF Structure Content Style

GRPO 87.7 42.0 74.7 86.7 50.3
CSPO (Graded 0-3) 88.0 44.4 77.3 86.7 51.8
CSPO (Binary 0/1) 87.9 45.2 77.6 87.0 53.6

Table 8: Performance comparison of CSPO using binary
(0 or 1) and graded (0 to 3) reward on 3B models.

the reason that there is no performance drop on
style fidelity.
Effect of Reward Weights. Table 7 shows the
ablation study in different reward weight configura-
tions, where wcomp denotes the sum of component-
specific reward weights (wcomp =

∑
c∈C wc, with

wc equal for different c ∈ C). CSPO consistently
outperforms GRPO across all configurations, in-
dicating that the effectiveness of CSPO does not
rely on a specific weight setting. Among all con-
figurations, wcomp = 7 achieves the best Overall
Fidelity.
Effect of Reward Granularity. In our CSPO, by
default we employ binary component-specific re-
wards. We further investigate the impact of reward
granularity by introducing a graded scoring scheme.
Specifically, instead of assigning a binary signal (0
or 1), each component is evaluated on a four-level
scale (0–3), where 3 indicates perfect alignment,
2 denotes minor yet interpretable gaps, 1 corre-
sponds to major errors, and 0 represents failed or
invalid outputs. As shown in Table 8, compared
with graded component-specific reward, the binary
component-specific reward scheme achieves com-
parable TEDS and a higher Overall Fidelity. Both
the two schemes obviously outperforms the GRPO

baseline and we use binary reward by default.

F.2 Reliability of LLM-based Evaluation

In this work, we employ a strong LLM as an auto-
matic judge to assess component-wise and overall
fidelity. We use GPT-4o by default. Given concerns
about evaluator bias and potential circularity, we
conduct additional analyses on cross-model consis-
tency, human alignment, and evaluation variance.
Cross-LLM Consistency. We evaluate model per-
formance using multiple independent LLM-based
judges in testing, including GPT-4o, Qwen3-Next-
80B-A3B-Instruct, DeepSeek-v3.2, and GPT-5.2.
Table 4 in the main manuscript and Table 9 here
show that the overall performance trends are largely
consistent across different LLM judges for 3B mod-
els and 7B models, respectively. In particular,
CSPO consistently outperforms GRPO on most
metrics. This indicates that our conclusions are
not specific to a particular LLM judge, but instead
reflect robust improvements in generation quality.
Human–LLM Agreement. We further assess the
alignment between LLM-based judgments and hu-
man evaluation, where annotators label the overall
fidelity (binary OF) of each output on a randomly
sampled subset of 500 samples. Table 10 reports
precision, recall, F1-score, and accuracy. GPT-4o
and Qwen3-Next-80B-A3B-Instruct achieve strong
agreement with human annotations, with F1-scores
of 88.3 and 87.2, and accuracies of 89.8% and
88.8% (i.e.∼90%), respectively. DeepSeek-v3.2
and GPT-5.2 also show reasonable alignment, al-
beit with lower recall.

Overall, these results suggest that LLM-based
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LLM Evaluators/Judge Method Overall Fidelity Structure Fidelity Content Fidelity Style Fidelity

GPT-4o (by default)
SFT 50.7 79.7 90.3 59.0
GRPO 50.6 80.7 89.7 58.9
CSPO (Ours) 53.0 81.4 90.0 60.6

Qwen3-Next-80b
SFT 47.1 77.1 91.5 57.5
GRPO 49.7 77.6 91.5 59.8
CSPO (Ours) 52.0 79.5 92.2 61.8

DeepSeek-v3.2
SFT 43.3 79.3 90.4 51.4
GRPO 45.8 80.5 90.3 54.7
CSPO (Ours) 47.8 81.6 91.0 56.2

GPT-5.2
SFT 38.7 70.0 80.8 48.0
GRPO 40.4 71.6 80.3 50.6
CSPO (Ours) 42.6 73.8 81.8 51.8

Table 9: Performance comparisons among 7B SFT, GRPO and our CSPO models, with fine-grained metrics
evaluated by using different LLM judges.

Evaluator Precision Recall F1 Accuracy

GPT-4o 89.8 86.9 88.3 89.8
Qwen3-Next-80b 88.8 85.6 87.2 88.8
DeepSeek-v3.2 92.4 76.9 84.0 87.0
GPT-5.2 97.5 70.7 82.0 86.2

Table 10: Agreement between LLM judges with human
annotations.

Method OF Structure Content Style

GRPO 42.0 74.7 86.7 50.3
CSPO (Reported) 45.2 77.6 87.0 53.6
CSPO (Mean ×8) 44.9 77.7 86.8 52.9
CSPO (Var ×8) 0.3 0.1 0.1 0.4

Table 11: Stability of GPT-4o evaluator in testing (8
independent runs) evaluated on 3B models.

evaluation closely aligns with human judgment,
supporting its use as a reliable proxy in structured
table-to-LaTeX generation.
Evaluation Variance and Stability. We assess
the stability of LLM-based evaluation by repeat-
ing GPT-4o evaluation eight times on the same set
of 4000 predictions from Qwen2.5-VL-3B-CSPO.
As shown in Table 11, the low variance (0.1–0.4)
across all metrics indicates that the LLM-based
judge produces stable evaluation signals.

F.3 Training Dynamics
We compare the training dynamics of CSPO with
GRPO. Figure 8 presents the reward curves for dif-
ferent components during training. For GRPO, we
report component-specific rewards, although these
rewards do not influence its optimization. Com-
pared with GRPO, CSPO converges to higher re-
wards on Structure, Lines, Alignment, and Caption,
while reaching a similar level for Cell Appearance.

F.4 More Visualization
Figure 9 to Figure 12 show more visualization that
CSPO mitigates content, structure, and style errors.
Figure 13 presents a failure case of CSPO on a
complex table.

G More Discussion

G.1 Generalization to Other Tasks
We validate the proposed component-specific pol-
icy optimization framework on the table image-to-
LaTeX generation task. The approach is concep-
tually generalizable to other structured generation
problems (e.g., HTML/CSS, code, and presentation
generation).

Our framework includes a domain-agnostic
credit assignment mechanism and a domain-aware
component parser. The parser decomposes struc-
tured outputs into functional components, enabling
localized reward attribution and optimization. Such
decomposition is naturally supported in many
domains through existing tooling—for example,
DOM trees for HTML/CSS, abstract syntax trees
(ASTs) for programming languages, and XML-
based structures for document formats.

G.2 Training Cost
Training CSPO (2 epochs) requires 100+ million to-
kens in total. We view this as a one-time alignment
cost. Actually, our framework is not tied to GPT-
4o. It supports local open-weight LLM judges,
eliminating API costs. For example, Qwen3-Next-
80B achieves 90% agreement with human experts
in evaluation and demonstrates evaluation trends
highly consistent with GPT-4o, providing a scal-
able and cost-effective alternative for deployment.
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Prompt for Rewarding

You are a reviewer specializing in LaTeX table code.

Please compare the following ground truth LaTeX table code and the predicted LaTeX 

table code, and assign a score to the predicted code.

Scoring Criteria and Corresponding Code Sections:

1. Alignment

Reference: \begin{tabular}{…}, including the type, order, and number of c, r, and l 

columns.

2. Vertical Lines

Reference: \begin{tabular}{…}, including '|' and '||'.

3. Horizontal Lines

Reference: Commands such as: \hline, \hline \hline, \cline, \hhline, \toprule, \midrule, 

\bottomrule, \cmidrule(lr){i-j}. The type, number, and position of the lines must match 

exactly.

4. Structure

Reference: Tokens such as &, \\, \multicolumn, and \multirow.

5. Caption

Reference: The content of \caption{…} and its position (whether it appears before or 

after the table).

6. Text Content and Style

Reference: The cell content and styling, excluding alignment, line types, structure, and 

caption. Minor formatting differences (e.g., $10$ vs 10) should be considered correct. 

However, missing or incorrect content, or inconsistencies that affect semantics or 

formatting (e.g., \textbf{10} vs 10) should be considered incorrect.

7.Preamble

Reference: Only check commands before \begin{document} that are necessary for 

successful compilation, such as \usepackage{...}. Missing non-essential commands 

that do not affect compilability is acceptable and should not be penalized.

Each item should be scored as either 1 (correct) or 0 (incorrect), along with a reason 

justifying the score.

Please return your judgment as a JSON dictionary in the following format:

{

  "Alignment": {

    "reason": "...",

    "score": 1

  },

  "Vertical Lines": {

    "reason": "...",

    "score": 0

  },

  "Horizontal Lines": {

    "reason": "...",

    "score": 1

  },

  "Structure": {

    "reason": "...",

    "score": 1

  },

  "Caption": {

    "reason": "...",

    "score": 1

  },

  "Text Content and Style": {

    "reason": "...",

    "score": 1

  },

  "Preamble": {

    "reason": "...",

    "score": 0

  }

}

Ground truth code:

```latex

{gt_code}

```

Predicted code:

```latex

{pred_code}

```

Figure 6: Prompt for LLM-based rewarding for com-
ponents of package dependencies, caption correctness,
structural organization, cell appearance, column align-
ment, and rule placement (vline, hline).

Prompt for Evaluation

You will be given two LaTeX table codes: a Ground Truth version and a Predicted 

version.

Your task is to compare their rendered results across five aspects: Content, Structure, 

Line, Alignment and Cell Style. For each aspect, provide:

- "analysis": a short explanation of whether the prediction is correct

- "score": 1 if correct, 0 if there is any noticeable error

[EVALUATION CRITERIA]

1. Content

Check if all textual contents in the table are identical. Minor differences in LaTeX 

syntax (e.g., alternative math formatting) are acceptable as long as the rendered result 

is the same.

2. Structure

Check if the structure matches: row/column counts, merged cells (`\multicolumn`, 

`\multirow`), and cell positions.  

3. Line 

Check if horizontal and vertical lines are consistent in placement, numbers and style 

(e.g., `\hline`, `\hline \hline`, `\cline`, `\toprule`).  

4. Alignment

Check if cell/column text alignment (left `l`, center `c`, right `r`) matches.  

5. Cell Style

Check if text styles (e.g., bold, italic, underline, color) and background colors match.  

[TABLE CODES]

Ground Truth Code:

```latex

{gt_code}

```

Predicted Code:

```latex

{pred_code}

```

[OUTPUT FORMAT]

Please return your judgment as a JSON dictionary like the following:

{

  "Content": {

    "analysis": "...",

    "score": 0

  },

  "Structure": {

    "analysis": "...",

    "score": 1

  },

  "Line": {

    "analysis": "...",

    "score": 0

  },

  "Alignment": {

    "analysis": "...",

    "score": 1

  },

  "Cell Style": {

    "analysis": "...",

    "score": 1

  }

}

Figure 7: Prompt for LLM-based fine-grained fidelity
evaluation in terms of content, structure, and style (line
style, alignment, and cell style).
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Figure 8: Training curves for 3B-GRPO and 3B-CSPO (ours). All curves are smoothed using a moving average
(MA) for better visualization.

Ground Truth

CSPO (Ours)

GRPO

Figure 9: A typical example comparing GRPO and
CSPO of 3B models, showing CSPO mitigates content
errors.

Ground Truth

CSPO (Ours)

GRPO

Figure 10: A typical example comparing GRPO and
CSPO of 3B models, showing CSPO mitigates struc-
ture, and content (in table caption) errors.
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Ground Truth

CSPO (Ours)

GRPO

Figure 11: A typical example comparing GRPO and
CSPO of 3B models, showing CSPO mitigates line
style errors.

Ground Truth

CSPO (Ours)

GRPO

Figure 12: A typical example comparing GRPO and
CSPO of 3B models, showing CSPO mitigates align-
ment errors.

Ground Truth

CSPO (Ours)

GRPO

Figure 13: Failure case for GRPO and CSPO of 3B
models. Both models’ generations exhibit structure
errors (marked by red boxes) on this complex table,
where \multicolumn{} is used in groudtruth code but
is ignored in the generated code. In addition, GRPO
generation further has alignment errors (center aligned
rather than left aligned as groudtruth).
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