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Abstract

We introduce LongTableBench, a benchmark
for evaluating long-context reasoning over
semi-structured tables across diverse formats,
tasks, and domains. It comprises 5,950 QA
instances spanning 7 table formats (e.g., Mark-
down, HTML, SQL), 18 domains, and input
lengths up to 128K tokens, including multi-turn
and multi-table settings. To ensure data qual-
ity, we combine symbolic supervision, cross-
model validation, and human review. Eval-
uating 52 LLMs—including general-purpose,
table-specific, and reasoning-enhanced mod-
els—reveals that only the strongest models
maintain robust performance under increas-
ing context lengths and format diversity. We
further show that end-to-end models outper-
form compression-based approaches, espe-
cially on tasks requiring semantic integration.
LongTableBench provides a rigorous, scalable
testbed for advancing long-context tabular un-
derstanding and highlights key limitations in
current LLMs’ structural and reasoning capabil-
ities. The code and data are available at https:
//github.com/liyaooi/LongTableBench.

1 Introduction

Recent advancements in large language models
(LLMs) have pushed the boundaries of context
length from thousands of tokens (Bai et al., 2023a;
Bi et al., 2024) to millions (Meta Al, 2025; Team,
2025a), enabling new capabilities in tasks like
multi-document analysis (Pang et al., 2021; Wang
et al., 2024) and long-form dialogue (Bai et al.,
2024a). However, a critical question remains: Do
the expanded contexts these models process truly
unlock the reasoning potential needed for com-
plex, real-world scenarios?

Semi-structured tables, which are structured data
represented in textual formats, provide an ideal
playground for investigating this question. These
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tables—found in various markup languages and file
formats like Markdown, HTML, LaTex, JSON, and
CSV (Sui et al., 2024; Jaitly et al., 2023; Singha
et al., 2023)—preserve a consistent logical struc-
ture despite varying textual representations. Exam-
ples include financial tables (Zhang et al., 2024a;
Chen et al., 2021), healthcare records (Guo et al.,
2024; Shi et al., 2024), and scientific data (Smock
et al., 2022), all of which are prevalent in critical
real-world applications. They offer unique chal-
lenges for LL.Ms to process and reason over com-
plex, hierarchical structures within long contexts.

We identify three key challenges that make
semi-structured tables valuable for evaluating long-
context understanding, aspects that current evalua-
tion benchmarks often fail to adequately address:

(i)-Structural Complexity: Tables embed in-
formation in a multi-dimensional space, where
meaning emerges from vertical (rows), horizontal
(columns), and hierarchical relationships (nested ta-
bles), including interconnected tables across multi-
turn dialogues. This complexity tests an LLM’s
ability to reason about multi-dimensional data and
distinguish structural meaning from syntactic varia-
tion. Traditional document-based QA benchmarks
(Jacovi et al., 2025; Zou et al., 2024) focus on linear
text comprehension, neglecting structural reason-
ing.

(ii)-Long-Range Dependencies: Table com-
prehension necessitates synthesizing information
across expansive token distances, where relation-
ships between headers, cells, and annotations must
be maintained coherently. This tests an LLM’s
ability to maintain attention relationships across
long contexts. While current TableQA benchmarks
(Chen et al., 2019; Pasupat and Liang, 2015) often
confine themselves to narrow contexts of simple,
self-contained tables within 3K tokens, real-world
applications demand sustained attention and con-
sistency across much broader contexts.

(iii)-Semantic Integration: Mastering semi-
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structured tables requires a sophisticated fusion
of pattern recognition and semantic understanding.
Models must simultaneously process explicit pat-
terns (like date formats “2025-01-01"") while lever-
aging world knowledge to handle semantic varia-
tions (such as interpreting Roman numerals along-
side Arabic numbers) within their proper context.
Traditional approaches like Text-to-SQL (Pourreza
and Rafiei, 2024a; Gao et al., 2023; Pourreza and
Rafiei, 2024b) or retrieval-based methods (Chen
et al., 2024; Kong et al., 2024; Mao et al., 2024) of-
ten falter when confronting real-world tables with
irregular, mixed expressions (Biswal et al., 2024),
where success depends not on mechanical parsing
but on the nuanced integration of world knowledge,
domain-specific information, and contextual aware-
ness.

To facilitate further research in these direc-
tions, we introduce LongTableBench—the first
comprehensive multitask benchmark for long-
context semi-structured table reasoning. Specif-
ically, LongTableBench consists of 6 core task cat-
egories: exact matching, basic conditional filtering,
fuzzy conditional manipulation, fact retrieval, ex-
ternal knowledge fusion, and irregular numerical
interpretation. These tasks span common long-
text applications and incorporate combinations of
single/multi-turn dialogues and single/multi-table
scenarios. Meanwhile, we offer 7 widely used
semi-structured table formats—Markdown, HTML,
JSON, LaTeX, SQL, and CSV, for each question to
assess LLMs’ format preferences. The benchmark
includes 5,950 fully English test samples, with the
task-wise length distribution presented in Figure
1. To ensure cost-effective automated evaluation,
we use the F1 metric to compare output similarity
with ground truth. LongTableBench provides a sys-
tematic evaluation of current LLMs’ abilities on
real-world semi-structured data, such as structural
reasoning, long-range dependencies, and semantic
integration.

Our contributions are summarized as follows:

* We propose LongTableBench, the first bench-
mark targeting long-context table reasoning
across 7 real-world formats and up to 128K
tokens, covering multi-turn dialogues, multi-
table setups, and six reasoning task types.

* We introduce a format-agnostic table expan-
sion pipeline with controlled token-length
sampling, domain diversity, and symbolic ver-

ifiability to ensure realistic and scalable bench-
mark construction.

* We perform extensive evaluations over 52
LLMs, revealing the impact of model scale,
reasoning ability, and format robustness
across structural, temporal, and semantic di-
mensions.

* We demonstrate that end-to-end LLMs outper-
form compression-based paradigms such as
RAG and Text-to-SQL, especially on tasks
requiring deep semantic integration.

* We publish all data, formats, and evaluation
scripts to encourage reproducibility and facili-
tate future research in long-context structured
data understanding.

2 Related Works

Long-context Benchmarks. Recent advancements
have extended LLMs’ context length to 128K to-
kens or more (Liu et al., 2024; Hurst et al., 2024;
Anthropic, 2025; Meta Al, 2025; Team, 2025b;
GLM et al., 2024), spurring diverse evaluation
benchmarks. Comprehensive multi-task bench-
marks include ZeroSCROLLS (Shaham et al.,
2023), L-Eval (An et al., 2023), LongBench se-
ries (Bai et al., 2023b, 2024b), BAMBOO (Dong
et al., 2023), LooGLE (Li et al., 2023a), co-Bench
(Zhang et al., 2024c), Ruler (Hsieh et al., 2024),
and HELMET (Yen et al., 2024). Specialized
benchmarks target document QA (Pang et al., 2021;
Wang et al., 2024), code tasks (Liu et al., 2023; Bo-
gomolov et al., 2024), generation (Ye et al., 2025),
factuality (Jacovi et al., 2025), and in-context learn-
ing (Li et al., 2024). Despite this progress, tabular
data remains underexplored as a common structure
in real-world applications. Our work addresses this
gap with a dedicated long-table benchmark.

Table-related Benchmarks. Existing TableQA
benchmarks like TabFact (Chen et al., 2019) and
WikiTQ (Pasupat and Liang, 2015) feature small
Wikipedia-derived tables, while HiTab (Cheng
et al., 2021) and HybridQA (Chen et al., 2020) in-
troduce more complex tables that still fit within
early LLMs’ context windows (4K-8K tokens).
Text-to-SQL tasks (Yu et al., 2018; Li et al., 2023b)
typically focus on schema rather than full tables
and struggle with non-database formats and fuzzy
semantics, as TAG (Biswal et al., 2024) demon-
strates. Though TQA-bench (Qiu et al., 2024) be-
gins exploring long-table QA, its 64K-token limit
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and multiple-choice format constrain evaluation
depth. With modern LLLMs supporting 128K to-
kens, we introduce LongTableBench to systemati-
cally evaluate fine-grained LLM capabilities across
full 128K-token contexts.

3 LongTableBench: Task and Design

3.1 Problem Definition

We define the challenge of QA with long-context
semi-structured tables as follows: Given an in-
put question sequence () and a tabular context se-
quence 7', the model is tasked with generating an
output answer A. In LongTableBench, () and A
are typically short, while T" can be a lengthy se-
quence, consisting of multiple tables and reach-
ing up to thousands of tokens. A detailed break-
down of (@, T, A) for each task can be found in
Appendix A.

3.2 Task Overview

LongTableBench comprises 6 carefully designed
tasks that evaluate LLMs’ capabilities in reasoning
over long-context semi-structured tables. These
tasks are strategically aligned with 3 core chal-
lenges we identified in processing semi-structured
tables, ensuring comprehensive coverage of the key
competencies required for real-world applications.

3.2.1 Structural Complexity Challenges

Processing semi-structured tables requires models
to correctly parse logical structure amid format-
specific noise (e.g. HTML tags (Sui et al., 2023),
LaTeX separators (Jaitly et al., 2023), Markdown
delimiters (Fang et al., 2024)) while preserving
semantic relationships between headers, rows, and
columns. This challenge tests a model’s ability to
maintain consistent structural understanding across
different representation formats.

Exact Matching (EM). This task evaluates pre-
cise information location and extraction capabili-
ties while maintaining structural awareness. Mod-
els must navigate table hierarchies to find exact
matches across multiple attributes, demonstrating
their ability to understand both data positioning and
inter-column relationships. Similar to the recent
“needle-in-a-table” task (Wang et al., 2025), which
requires locating information precisely in large and
complex tabular data.

Basic Conditional Filtering (BCF). This task as-
sesses the application of logical conditions across
tabular data. Models must execute filtering op-

erations based on numerical or categorical condi-
tions while preserving structural awareness, such
as finding transactions that satisfy multiple criteria
across different columns. Similar to the fundamen-
tal tasks commonly found in Text-to-SQL bench-
marks (such as Spider (Yu et al., 2018) and BIRD
(Li et al., 2023b)), except that here the model is
not required to generate SQL but instead directly
answers questions in natural language.

3.2.2 Long-Range Dependencies Challenges

Real-world tables often present relevant informa-
tion sparsely distributed across thousands of tokens
(Sauber-Cole and Khoshgoftaar, 2022). This chal-
lenge tests a model’s ability to maintain attention
and synthesize information across extensive con-
texts, particularly crucial in multi-turn dialogues
and multi-table scenarios where information must
be gathered from various sources.

Fuzzy Conditional Manipulation (FCM). This
task examines complex operations like sorting, ag-
gregation, and fuzzy matching across extensive con-
texts (Biswal et al., 2024; Chang et al., 2023). Mod-
els must maintain coherence while synthesizing
information from multiple table sections, demon-
strating their ability to handle operations that span
long token distances.

Fact Retrieval (FR). This task tests fact verifica-
tion and retrieval capabilities across lengthy con-
texts. Models must determine whether claimed
facts are supported by table data, requiring sus-
tained attention and accurate relationship verifica-
tion across extensive sequences. Our task setting
differs from traditional table-based fact checking
(Thorne et al., 2018; Chen et al., 2019) in that, for
fact-supported statements, the model is required to
explicitly output the supporting evidence.

3.2.3 Semantic Integration Challenges

The final challenge evaluates models’ ability to un-
derstand domain-specific semantics and contextual
expressions within tabular data. This tests end-to-
end semantic understanding, including the interpre-
tation of specialized terminology and conventional
expressions within their specific contexts.
External Knowledge Fusion (EKF). This task as-
sesses the integration of external knowledge with
tabular information. Models must combine struc-
tural understanding with domain knowledge to an-
swer questions requiring both factual recall and
inferential reasoning (Li et al., 2023b).
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Irregular Numerical Interpretation (INI). Some
studies have found that LLMs exhibit certain
vulnerabilities when handling mathematical prob-
lems; performing operations that involve numerical
fragility can lead to performance degradation (Yu
etal., 2025). We aim to investigate whether the way
data is represented in the TableQA domain affects
LLM performance, especially when dealing with
large tables. This task evaluates the processing of
non-standard numerical representations. Models
must handle diverse number formats while main-
taining semantic understanding and calculation ac-
curacy, demonstrating their ability to work with
mixed numerical expressions in context.

3.3 Data Collection

Our benchmark construction adopts an expansion-
reduction methodology as shown as Figure 1: we
first generate a large pool of candidate examples
through multiple pathways and then apply rigorous
filtering to ensure data quality. This section details
the expansion phase—how we construct diverse
table contexts and question-answer pairs—while
the verification process is discussed in Section 3.4.
Task-specific data generation logic is further elabo-
rated in Appendix A.

3.3.1 Table Context Length Control

To evaluate LLMs under varying table context
lengths, we build upon existing multi-domain Text-
to-SQL datasets—BIRD (Li et al., 2023b), Spi-
der (Yu et al., 2018), and Dr.Spider (Chang et al.,
2023)—as seed resources. These datasets are pre-
ferred over typical Wikipedia-based TableQA cor-
pora due to their larger relational databases and
the availability of executable SQL queries, which
facilitate symbolic verification.

We serialize each table into 7 text for-
mats—Markdown, HTML, JSON, LaTeX, SQL,
XML, and CSV—to assess LLM robustness against
format variations. All formats' are programmati-
cally derived from structured pandas.DataFrame
objects using native APIs of Pandas (pandas devel-
opment team, 2020) (e.g., to_markdown, to_html,
to_json) or custom converters (e.g., for LaTeX,
SQL). These formats reflect diverse real-world use
cases, such as documentation, web display, data
analysis scripts, or direct SQL interfaces (see Ap-
pendix B for format examples).

!These formats can also be obtained via the API provided
by https://tableconvert.com/

To construct tables at different length tiers (8K,
32K, 128K tokens), we compute the token count of
the serialized tables across all formats using the tik-
token tokenizer 2, and choose the maximum as the
effective length. For single-table cases, we itera-
tively sample rows until the desired token threshold
is reached. For multi-table settings, we adapt the
topological sampling approach from (Qiu et al.,
2024): we first determine a topological order of ta-
bles based on their foreign key graph to ensure that
dependent tables are sampled after their referenced
parents. Then, during row sampling, only rows that
preserve referential consistency are included. This
pipeline ensures relational validity and supports
scalable length-controlled table generation. The
resulting benchmark contains 4,512 tables at 8K,
992 at 32K, and 1,296 at 128K token lengths.

3.3.2 Task-specific QA Pairs Collection

We construct question-answer pairs using a three-
pronged strategy: transformation, synthesis, and
generation.

Question-based Transformation. We leverage
non-training splits of BIRD, Spider, and Dr.Spider
to obtain SQL queries and natural questions. Each
query is executed to retrieve answers, and GPT-40
(Hurst et al., 2024) is used to verify and categorize
the questions into our benchmark’s six task types.
For quality control, we filter for queries returning
0-10 rows, and for Dr.Spider we exclude SQLs con-
taining complex clauses such as GROUP BY, HAVING,
or nested AVG operations. Answers are reformatted
into lists or labels as required, and queries return-
ing no result are reframed into unsupported factual
assertions for fact verification tasks.
Template-based Synthesis. For Exact Matching
(EM), Basic Conditional Filtering (BCF), and Fact
Retrieval (FR) tasks in single-table single-turn set-
tings, we use controlled synthesis, following data
construction and generation strategies similar to
those used in TQA-Bench (Qiu et al., 2024). We
define template-based answer generation scripts
in Python that select meaningful column combina-
tions (e.g., low-frequency rows for EM, inequality
filters for BCF, unique facts for FR), then prompt
GPT-40 to generate corresponding questions. This
approach ensures both task alignment and answer
verifiability. For Irregular Numerical Interpreta-
tion (INI), we introduce numerical perturbations:
70% of numeric cells are randomly transformed
into alternative formats such as Roman numerals,

2https://github.com/openai/tiktoken
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Figure 1: Overview of the LongTableBench construction pipeline. Our method follows an expansion—reduction
paradigm: (i) diverse table contexts are first created through single-table and multi-table expansion strategies, and
task-specific QA pairs are generated via question-based transformation, template-based synthesis, and open-ended
LLM generation; (ii) data quality is subsequently ensured through a multi-stage verification process, including SQL
execution checking, LLM-based cross-validation, and human annotation. This design balances task diversity with

reliability, enabling high-quality benchmark construction.

English words, or scientific notation, while the
remaining 30% are preserved to provide natural
variance. In addition, we apply diverse format-
ting schemes to date values at similar proportions,
which are randomly rewritten into daily common
date formats such as YYYY-MM-DD, DD/MM/YYYY, or
MM.DD.YYYY.

Open-ended Generation. To complement cover-
age, especially for multi-turn or multi-table sce-
narios where transformation or synthesis is insuf-
ficient, we directly prompt GPT-40 with full table
contexts to generate plausible questions and corre-
sponding answers. In some cases, we include seed
QA examples as few-shot prompts to guide genera-
tion. This route enables high-complexity examples
and conversational interactions beyond the scope
of traditional datasets.

3.4 Data Verification

To ensure the highest standards of data quality and
answer consistency, we implement a comprehen-
sive verification framework that combines sym-
bolic checks, LLM-based cross-validation, and hu-
man oversight.

SQL-based Consistency Checking. For
transformation-based data derived from Text-
to-SQL datasets, we treat the original SQL
queries as symbolic ground truth. Whenever a
natural question is rewritten or reformatted, we

maintain a parallel mapping between the modified
question and the original SQL. This allows us
to re-execute the query and compare the actual
database outputs with the expected answers. By
ensuring consistency between logical execution
and question semantics, we preserve the validity of
transformed examples and reduce noise introduced
by language variations.

LLM-based Cross-validation. For synthesis and
generation-based data where no SQL supervision is
available, we adopt a three-model cross-validation
protocol to assess both answer correctness and diffi-
culty level, following the data processing approach
used in S1 (Muennighoff et al., 2025). Specifi-
cally, we run each QA instance through three LLMs
with varying capabilities—Qwen2.5-72B-Instruct
(Team, 2024), GPT-40 (Hurst et al., 2024), and
DeepSeek-V3 (Liu et al., 2024)—and collect their
predicted answers. F1 scores are computed for
each model’s prediction against the ground truth.
Instances where all three models achieve high F1
scores are considered overly simple and excluded
to prevent performance inflation. Conversely, in-
stances where all models fail are removed due to
potential ambiguity or annotation noise. We retain
only the middle 50% of samples ranked by aver-
age F1 scores across the three models, ensuring a
balance between difficulty and solvability. These
selected examples then proceed to human verifica-
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Figure 3: Token count distributions for table tokens and
full input sequences across all samples.

tion.

Human Review and Post-processing. To further
ensure semantic alignment and factual consistency,
we perform human verification on the filtered sub-
set of QA instances. The reviewers—comprising
the authors of this paper—evaluate whether the
question faithfully represents the intended reason-
ing logic, whether the answer is supported by the
table content, and whether the language remains
natural and unambiguous. No external annotators
are involved. Additional post-processing steps, in-
cluding deduplication, answer format normaliza-
tion, and metadata cleanup, are applied before re-
leasing the final benchmark.

This multi-stage verification pipeline enables
LongTableBench to maintain both structural rigor
and semantic integrity across a wide range of ques-
tion types, table formats, and length conditions.

3.5 Data Statistics

LongTableBench comprises 5,950 test samples de-
rived from 850 seed questions, with each seed ques-
tion rendered into seven semi-structured table for-
mats: Markdown, HTML, JSON, LaTeX, SQL,
XML, and CSV (see Figure 2). This ensures for-
mat diversity for robust evaluation across represen-
tation schemes. Detailed format specifications are

provided in Appendix B.

The dataset spans 18 domains and 54 subdo-
mains, covering fields such as medical, education,
and entertainment. Domain distribution is shown
in Figure 4.

Samples are stratified by context length: 40%
short (0—8K), 35% medium (8K-32K), and 25%
long (32K-128K), measured using tiktoken. Token-
level statistics, including both table content and
surrounding prompts, are visualized in Figure 3. A
detailed analysis of token distribution across differ-
ent formats is provided in Appendix C.

Tasks are balanced across core capabilities: 35%
focus on Structural Complexity (EM, BCF), 35%
on Long-Range Dependencies (FCM, FR), and
30% on Contextual Semantic Integration (EKF,
INC).

Manual review led to the rejection of 5% of sub-
missions due to task misalignment, 8% for insuffi-
cient complexity, and 4% for answer inconsistency,
ensuring high data quality.

ejepbuniie}

Figure 4: Domain and subdomain coverage in
LongTableBench, spanning 18 domains and 54 subdo-
mains.

4 Experiments

4.1 Setup

We comprehensively evaluate 52 large language
models (LLMs) across two primary categories:
vanilla models and reasoning-enhanced models
with built-in chain-of-thought capabilities (Wei
et al., 2022) (e.g., Gemini-2.0-thinking (AI, 2025),
DeepSeek R1 (Guo et al., 2025)). The evaluated
models encompass a diverse ecosystem, includ-
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Task Category Format Variation Context Length
Models EM BCF FCM FR EKF INI Avg. | MD HTML JSON SQL XML LaTeX CSV  Avg. Range | 8K 32K 128K
Vanilla Models
Llama-3.2-3B-Instruct 2430 1478 1376 299 11.99 9.68 13.94 | 1435 1336 11.72 16.10 13.14 1235 1523 1375 3183 |21.76 11.92 8.15
Qwen2.5-3B-Instruct 17.14 707 940 33.74 3644 18.63 2040 | 21.04 20.19 2246 2466 2100 20.11 1925 21.25 2549 |2720 1821 1578
Phi-3-mini-128k-instruct 28.66 9.74 829 3334 19.05 17.39 20.25|20.12 21.75 22.65 20.83 2078 19.52 1654 2031 30.09 | 2526 21.24 14.24
Phi-4-mini-instruct 2836 694 741 2285 21.22 13.67 1749 | 1822 17.15 1994 17.61 19.60 1533 13.63 1735 3635 |21.55 19.09 11.82
Qwen3-4B 23.15 11.07 9.88 2459 14.80 1330 16.71 | 17.69 1677 1694 17.51 17.00 17.32 14.64 1684 18.10 | 21.70 15.66 12.77
Gemma-3-4B-it 31.60 1340 1429 2198 19.08 19.97 20.56 | 21.98 2324 1892 20.87 2030 2229 20.74 21.19 2037 | 28.67 19.95 13.07
Llama-3.1-8B-Instruct 4773 19.09 2129 1511 2241 2297 2569 | 2694 2468 2207 2751 2529 2656 2883 2598 26.04 |34.66 22.66 19.74
Qwen2.5-7B-Instruct 3585 1518 20.58 50.78 39.11 30.50 32.05 | 3193 3530 36.89 3243 3474 3372 3055 33.65 1882 |40.84 29.35 2595
Qwen2.5-7B-Instruct-1M 4752 20.13 2379 5277 2488 24.65 3361 | 3488 3529 3577 3444 3564 3373 31.53 3447 1231 | 4055 3243 2783
TableGPT2-7B 41.10 17.68 1880 4534 39.82 28.64 3226 | 3446 3252 3410 3240 3673 3333 3048 3343 1870 | 4215 29.11 2550
TableLLM-Qwen2-7B 18.00 459 534 1051 669 594 898 | 1055 8.63 818 1095 752 952 887 9.17 3739 | 1346 876 473
TableLLM-Llama3.1-8B 2772 1.87 238 11.65 515 778 1031 | 11.12 10.81 1053 1076 1039 1050 7.24 10.19 38.06 | 11.88 12.14 6.90
TableLlama 336 138 141 225 161 072 183 | 3.25 0.47 0.89 251 035 280 143 1.67 17323 | 497 036 0.17
Mistral-7B-Instruct-v0.3 2932 1416 1559 19.89 1546 14.85 19.19 | 2056 19.67 16.81 1897 19.06 1856 20.69 19.19 2027 | 29.15 1947 895
Ministral-8B-Instruct-2410 2398 937 14.82 2561 1270 1425 17.26 | 1872 1748 1453 1826 1538 17.13 19.68 17.31 29.73 | 32.90 17.33 155
Qwen3-8B 3597 1418 17.02 46.68 27.87 2529 2855 |29.54 28.11 28.76 30.65 2746 2932 29.06 2899 1101 |39.73 25.11 20.80
GLM-4-9B-Chat 46.25 18.82 18.79 32.86 21.74 2072 27.92 | 27.84 2995 27.12 2852 3120 29.13 2722 2871 1421 | 3479 27.07 21.89
GLM-4-9B-Chat-1M 4681 1779 17.69 3121 21.78 20.87 27.24 | 2864 2776 27.00 2949 2726 30.11 27.05 28.19 11.03 | 3270 2695 22.09
GLM-4-9B-0414 31.90 17.74 20.17 3561 28.19 21.78 26.51 | 2841 2746 2389 27.11 24.82 28.64 30.09 2720 2277 |44.61 23.58 11.35
Gemma-3-12B-it 46.34 2151 2748 4677 4290 2993 3690 | 39.40 3747 3402 39.84 34.67 39.61 3795 3757 1549 | 4983 3471 26.16
Mistral-Nemo-Instruct-2407 3532 18.02 1830 49.10 53.69 3240 3499 | 3629 3347 3373 3536 3482 3720 37.19 3544 1052 |52.13 35.00 17.85
Qwen2.5-14B-Instruct 4726 20.17 2662 5434 4286 3493 3825|4098 41.64 37.09 3923 3993 4177 3932 3999 11.71 | 5175 3458 2843
Qwen2.5-14B-Instruct-1M 56.51 22,16 2939 6384 3737 37.15 4237|4393 4494 39.14 44.65 4427 4620 4380 4385 16.12 | 5098 40.11 36.03
Qwen3-14B 53.18 22,13 2589 5849 52.69 40.16 42.62 | 46.66 4536 3878 46.74 4511 4576 4250 4442 1793 | 5451 40.54 3281
Mistral-Small-3.1-24B-Instruct-2503 | 62.33 28.98 29.01 41.93 4895 4240 43.06 | 46.66 4498 4137 48.02 4459 4830 4547 4563 15.19 | 56.60 41.20 31.38
Qwen3-30B-A3B 4873 1654 2267 5553 4491 33.66 37.74 | 40.10 3885 3640 3845 37.86 4195 3978 39.05 1421 |51.40 3531 26.50
Qwen3-32B 5148 2462 2692 5137 46.19 4267 40.72 | 4427 4278 4079 43.28 4557 43.64 4382 4345 1099 | 5209 37.79 3229
GLM-4-32B-0414 4371 2543 2639 5539 51.14 3524 4048 | 4721 39.62 3561 41.88 3639 4451 4579 4157 2791 |58.09 43.04 20.31
Llama-3.1-70B-Instruct 62.58 31.90 29.15 56.69 36.26 37.67 4435|4985 46.14 39.74 46.16 45.18 46.16 4578 4799 1.73 52.62 46.84 3357
Llama-3.3-70B-Instruct 60.33 3337 3347 4131 41.67 37.13 4274 | 47.88 4149 3583 46.87 3857 49.11 4872 4407 30.12 | 56.65 40.96 30.60
Qwen2.5-72B-Instruct 5943 3215 3372 6355 57.17 4596 4994 | 5263 52.16 45.10 51.74 52.57 5223 5353 5142 1640 | 6397 4651 39.36
Mistral-Large-Instruct-2411 5596 29.69 29.10 57.10 46.99 44.20 44.99 | 4984 4537 40.19 49.13 4221 50.55 4932 46.66 2220 | 63.87 4523 25.89
DeepSeek-V3 69.63 4451 43.65 6636 5744 5418 57.09 | 61.39 6237 53.67 6242 5896 61.71 5971 60.03 14.57 | 70.80 54.67 4580
GPT-40-mini-2024-07-18 60.43 3173 33.17 49.55 3526 36.10 4276 | 41.78 40.85 37.53 43.19 41.04 4146 4142 41.04 1379 | 5444 3861 3522
Gemini-2.0-flash 71.19 4751 4216 5005 60.76 5339 55.03 | 58.66 57.69 58.14 5895 5820 57.33 5844 5820 279 |65.13 5525 44.72
GPT-40-2024-08-06 78.95 5240 4997 7276 68.79 62.11 65.60 | 67.36 64.44 58.67 65.62 60.99 6589 66.18 64.16 13.53 | 78.57 63.33 54.92
Claude-3.5-sonnet-20241022 7647 46.13 4226 6845 6537 5891 60.63 | 64.09 6070 52.03 58.88 59.05 61.16 6126 59.60 2024 | 7559 5846 47.84
Reasoning Models
Phi-4-mini-reasoning 345 239 135 1179 3.0 451 425 | 518 3.95 374 473 520 396 336 430 4278 | 9.12 247 115
Qwen3-4B-thinking 3085 7.06 8.62 21.96 24.78 19.87 1892 | 1826 17.75 1937 21.35 2289 2031 1695 19.55 30.38 |28.56 1549 12.70
DeepSeek-R 1-Distill-Qwen-7B 796 400 452 1378 13.13 6.61 828 | 899 550 558 751 563 822 773 7.02 4972 | 1726 506 252
DeepSeek-R1-Distill-Llama-8B 3325 2524 1519 38.07 33.58 20.53 29.28 | 30.71 30.12 23.38 2828 27.34 3475 2854 29.02 3920 |39.95 31.87 16.02
Qwen3-8B-thinking 3420 8.61 10.86 32.18 29.97 24.04 2332|2494 2482 2287 2451 2703 2423 2229 2438 1943 |34.00 18.83 17.13
GLM-Z1-9B-0414 4227 3397 20.53 4488 46.19 3039 37.89 | 4252 3179 3841 41.63 33.86 4149 4038 3858 27.81 |59.57 3925 14.84
Qwen3-14B-thinking 46.66 14.54 1838 51.10 4299 3172 3531 | 38.05 3564 3239 37.88 3837 3680 3564 3639 1643 | 4794 3040 27.60
Qwen3-30B-A3B-thinking 40.10 1191 1628 3786 3536 27.16 28.63 | 29.81 2940 2925 30.86 31.47 2894 2794 29.67 11.88 | 4279 24.05 19.04
QwQ-32B 59.44 40.07 2873 5933 58.68 4593 5031 | 54.12 54.04 4739 5357 4858 5399 5280 5207 1291 | 6543 4972 3577
DeepSeek-R1-Distill-Qwen-32B 5073 39.06 2543 5248 57.16 4455 4560 | 52.13 4652 4133 4958 44.12 4971 5045 47.69 22.66 | 66.13 4776 2291
Qwen3-32B-thinking 4829 14.86 17.70 4890 41.80 34.08 34.94 | 3895 36.09 3094 36.56 3858 3594 36.84 3627 22.08 |48.09 30.15 2657
GLM-Z1-32B-0414 4770 3750 25.13 3945 57.02 34.67 4181 | 43.61 3826 4490 4223 39.84 4569 4271 4246 1749 | 5874 41.11 2559
DeepSeek-R1-Distill-Llama-70B 56.02 42,10 27.57 5187 5261 4458 47.17 | 5120 4690 4342 5320 43.82 5208 51.07 4881 20.03 | 62.88 49.64 2898
DeepSeek-R1 7124 6621 4241 62.68 6528 57.87 62.82 | 6792 67.84 6126 66.55 6421 6581 6529 6555 10.15 | 74.63 64.37 4945
Gemini-2.0-flash-thinking-exp-01-21 | 69.95 54.74 39.76 51.48 64.26 54.04 5698 | 58.61 61.44 6125 60.69 59.59 5947 60.13 60.17 470 | 70.16 56.05 44.74

Table 1: Representative results on LongTableBench, aggregated across three evaluation dimensions: task categories,
format variations, and context lengths. All scores (except Avg. and Range) are F1, where higher is better. Avg.
is the mean score over the corresponding metrics. Range is the normalized format score range, defined as
(maxy sy —miny sy)/Avg,(sy), where sy is the F1 score under format f; lower values indicate stronger robustness
across formats. Complete results for all 52 models are provided in Appendix G.

ing commercial closed-source models accessed
via API (Gemini (AIl, 2025), GPT (Hurst et al.,
2024), and Claude series (Anthropic, 2024)), table-
specialized models (TableGPT2 (Zha et al., 2023),
TableLlama (Zhang et al., 2023), and TableLLM
(Zhang et al., 2024b) variants with 7-8B param-
eters), and general-purpose instruction-following
models of various sizes. For closed-source com-
mercial models, precise parameter counts remain
undisclosed by their providers. We prioritized
instruction-following models for our evaluation
since LongTableBench focuses on real-world open-
domain question answering scenarios that require
strong instruction adherence.

All models in our evaluation support context

windows of at least 128,000 tokens, with certain
models (such as those in the Gemini series) han-
dling up to one million tokens. For our assessment
methodology, we employ a strictly zero-shot setting
without demonstration examples. When input se-
quences exceed a model’s context window capacity,
we apply middle truncation following established
protocols from prior work. To ensure experimental
reproducibility, we utilize greedy decoding with
temperature fixed at 0 during response generation
and evaluate performance consistently across all
tasks using the F1 metric, which balances precision
and recall in answer evaluation.
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4.2 Results on LongTableBench

The complete experimental records are docu-
mented in Appendix G, while Table 1 presents a
consolidated view of some models, synthesizing
our comprehensive evaluation results across three
critical dimensions: task categories, format vari-
ations, and context lengths. Several key findings
emerge from our analysis:

Task-wise Performance. Our benchmark ef-
fectively differentiates model capabilities across
distinct table understanding dimensions: in
Structural Complexity tasks (EM, BCF), table-
specialized models demonstrate advantages over
general-purpose counterparts of similar size, e.g.,
TableGPT2-7B yields a 3.88% average gain over
its base model Qwen2.5-7B-Instruct; Long-Range
Dependencies tasks (FCM, FR) establish clear cor-
relation between model size and performance re-
liability, with smaller variants showing progres-
sive degradation at longer distances; most notably,
Semantic Integration tasks (EKF, INI) emerge as
the strongest differentiator between standard and
reasoning-focused models, where GPT-40 achieves
68.79% on EKF tasks, dramatically outperforming
comparable general models like Llama-3.3-70B-
Instruct (41.67%), confirming that robust semantic
reasoning capabilities are essential for complex ta-
ble understanding beyond simple pattern matching.
Format Impact. Table formats significantly influ-
ence model performance, revealing important in-
sights about model adaptability: most models con-
sistently achieve optimal results with Markdown
and HTML formats (GPT-40: 67.36% with Mark-
down vs. 58.67% with JSON), likely reflecting
these formats’ prevalence in pretraining corpora
and their inherent structural clarity; notably, perfor-
mance disparities (i.e. range) across formats dimin-
ish as model size increases (DeepSeek-V3 shows
only 14.57% variance across formats while Phi-
4-mini-instruct shows 36.35%), indicating larger
models develop more format-agnostic understand-
ing capabilities; surprisingly, table-specialized
models show unexpectedly strong format prefer-
ences rather than improved format robustness, sug-
gesting general reasoning ability may be more im-
portant than format-specific optimization for real-
world table understanding.

Length-wise Analysis. Context length emerges as
a critical performance determinant, revealing funda-
mental architectural limitations: in short contexts
(8K), most models maintain robust performance

(top performers: 75-80% F1); medium contexts
(32K) introduce moderate challenges with 10-15%
performance reduction, particularly in reasoning-
intensive tasks; the most significant challenges
emerge at long contexts (128K), where only the
largest models maintain F1 scores above 45%
(DeepSeek-V3: 45.80%, GPT-40: 54.92%), while
smaller models collapse dramatically; performance
at 128K scales almost linearly with model size (3-
4B: 12-13% F1; 7-8B: 20-27%; 14-32B: 30-40%;
70B+: 45-55%); notably, reasoning-focused mod-
els demonstrate superior long-context performance
(DeepSeek-R1: 49.45% at 128K), suggesting en-
hanced reasoning capabilities help maintain co-
herent understanding across extended contexts—a
frontier challenge requiring significant advances in
attention mechanisms and reasoning capabilities.

4.3 Effects of Context Compression

Models ‘ Vanilla RAG  TableRAG  Text-to-SQL  End-to-End QA
Qwen2.5-7B-Instruct 20.54 26.88 37.42 42.59
TableGPT2-7B 24.73 30.06 41.78 42.17
Llama-3.3-70B-Instruct 29.36 31.56 30.24 54.70

Table 2: F1 scores comparing compression techniques
vs. end-to-end QA across three models.

We investigated how context compression tech-
niques impact model performance by comparing
three approaches (Vanilla RAG, TableRAG (Chen
et al., 2024), and Text-to-SQL) against end-to-end
QA across three representative models: Qwen2.5-
7B-Instruct, TableGPT2-7B, and Llama-3.3-70B-
Instruct. All experiments used 100 randomly sam-
pled questions from the 32K context length tier to
ensure fair comparison.

The results in Table 2 show that end-to-end LLM
approaches outperform compression techniques in
some certain aspects, with performance gaps rang-
ing from 5.2% to 23.1%. While TableRAG im-
proves upon vanilla RAG, it still struggles with
irregular table structures and semantic integration
tasks. These findings highlight that current com-
pression methods remain insufficient for real-world
table understanding, where structural irregularities
often exceed the capabilities of traditional parsing-
based approaches.

4.4 Context Memorization Analysis

Given that some table content originates from real-
world scenarios, we investigate whether models
rely on pre-training memorization rather than ac-
tive comprehension. Following Bai et al. (2023b,
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Models Average
Qwen?2.5-7B-Instruct 42.59
w/o context 11.21
TableGPT2-7B 42.17
w/o context 8.21
Llama-3.3-70B-Instruct 54.7
w/o context 7.22

Table 3: Model performance with vs. without table
context, showing minimal memorization effects.

2024b), we evaluate model performance on ques-
tions without their accompanying table contexts.
We evaluated performance on 100 randomly sam-
pled questions in two conditions: with complete ta-
ble contexts and with empty tables. This approach
forces models to rely solely on parametric knowl-
edge in the second condition, revealing any memo-
rization effects across different task categories.

Our results in Table 3 demonstrate that LLM
performance collapses without table context, drop-
ping from 42.59-54.70% to 7.22-11.21% F1 scores
(an average reduction of 43.5 percentage points).
Task-specific analysis revealed minimal memoriza-
tion effects across all categories, with only slight
advantages (2-3% above random) for EM and EKF
tasks. These findings confirm that LongTableBench
effectively evaluates active reasoning capabilities
rather than the recall of memorized patterns from
pretraining data.

5 Conclusion

We present LongTableBench, a comprehensive
benchmark for evaluating long-context reasoning
over semi-structured tables across diverse formats,
domains, and tasks. By combining realistic ta-
ble construction, multi-turn and multi-table set-
tings, and extensive evaluations across 52 LLMs,
LongTableBench uncovers key limitations in cur-
rent models’ structural, temporal, and semantic
understanding. Our findings highlight the need for
robust, format-agnostic reasoning capabilities and
suggest future research directions in long-context
tabular comprehension. We hope this benchmark
serves as a valuable resource for the community
and drives progress toward more capable and gen-
eralizable LLMs.

6 Limitations

Our benchmark has several limitations worth not-
ing. While LongTableBench covers diverse do-
mains, it cannot capture all specialized table for-

mats found in industry-specific applications. Our
evaluation relies primarily on F1 scores, which
may not fully capture nuanced aspects of reasoning
like explanation quality or uncertainty handling.
The benchmark’s focus on English-language con-
tent limits its utility for evaluating multilingual
table reasoning capabilities. Additionally, as LLM
capabilities advance rapidly, some benchmark as-
pects may become less challenging over time, po-
tentially requiring periodic updates to maintain
discriminative power. Despite these limitations,
LongTableBench provides a valuable foundation
for systematically evaluating and advancing long-
context table reasoning research.

7 Ethical Considerations

LongTableBench is built entirely from publicly
available or synthetically generated data, contain-
ing no personally identifiable or sensitive informa-
tion. All verification was conducted directly by the
authors rather than external annotators, combining
automated checks with manual review to ensure
quality and appropriateness. To mitigate environ-
mental impact, we provide scalable context lengths
so that experiments can be tailored to available
resources. While the benchmark is intended to ad-
vance research in long-context table reasoning, its
application to sensitive domains (e.g., healthcare, fi-
nance) should be accompanied by domain-specific
safeguards. In preparing this work, large language
models were only used for limited purposes such
as polishing the manuscript text and rephrasing
certain dataset questions. All code, data, and eval-
uation protocols are openly released to promote
transparency, reproducibility, and responsible use.
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A Task-specific QA Construction Details

This section details the construction strategies
used for each of the six task categories in
LongTableBench. For clarity, we group them
by their data construction source—transformation,
synthesis, or generation.

I. Exact Matching (EM)

Source: Template-based synthesis.

Construction Method: Select a column with low
row-level duplication (frequency < 5), extract its
distinct values as answer candidates, and use the
corresponding primary key as the lookup target.
Prompt GPT-40 to generate a question that explic-
itly queries the target value.

Task Description: Evaluates precise information
retrieval and structural comprehension. Requires
locating exact matches across attributes, emphasiz-
ing awareness of table hierarchies and inter-column
relationships.

Example Questions: 1. What is the unique id
identifying the ruling dated 2018-10-05 with the
description “When calculating a spell’s total cost,
include...”? 2. What is the raceld of the object from
the year 1980 and round 4?

I1. Basic Conditional Filtering (BCF)

Source: Template-based synthesis.

Construction Method: Randomly select a nu-
meric or categorical column and define a compari-
son condition (e.g., greater than, less than, equal to).
Identify rows satisfying the condition and extract
their primary key values as the answer. GPT-40
generates a filtering-based question.

Task Description: Assesses the execution of logi-
cal conditions over tabular data. Requires filtering
based on numerical or categorical criteria while
maintaining structural awareness, such as identify-
ing records that meet multi-column constraints.
Example Questions: 1. How many customers who
paid in euro have a monthly consumption of over
1000? 2. What are the SalesIDs of transactions
where the trading quantity is greater than or equal
to 9877

II1. Fuzzy Conditional Manipulation (FCM)

Source: Open-ended generation.

Construction Method: Given the complexity of
FCM questions (e.g., fuzzy matching, sorting, ag-
gregation), GPT-40 is prompted with full table
context and few-shot examples to generate natu-

ral language questions involving fuzzy operations.
Answers are returned as ranked lists or partial
matches.

Task Description: Evaluates the ability to perform
complex operations such as sorting, aggregation,
and fuzzy matching over large contexts. Requires
synthesizing information across distant table re-
gions, testing the model’s capacity for long-range
reasoning and structural consistency.

Example Questions: 1. Which schools located
in counties with names starting with ‘S’ have a
‘Charter’ status of 1? 2. List the names of schools
that are charter schools and have a free meal count
(K-12) greater than 40.

IV. Fact Retrieval (FR)

Source: Mixed.

Construction Method: Two construction paths
are used. In the transformation-based path, SQL
queries that return 0 rows are reframed as unsup-
ported claims, while those returning exactly 1 row
are treated as supported claims; GPT-40 then re-
formulates these into natural language questions.
In the synthesis-based path, ground-truth rows are
first defined, and both supporting and contradict-
ing facts are manually constructed based on them;
GPT-40 subsequently generates the corresponding
claims.

Task Description: Evaluates fact verification and
retrieval over long contexts. Requires determin-
ing the validity of claims based on table data, with
emphasis on sustained attention and accurate verifi-
cation of relationships across extended sequences.
Example Questions: Introducing the Sicilian Deep
Dish Pizza, a delightful creation brought to you by
The Florida Tomato Committee. This recipe, identi-
fied uniquely by the recipe ID 711, promises a rich
and flavorful experience. To prepare this dish, you
will need approximately 30 minutes of preparation
time. The directions are straightforward: Preheat
your oven to 350 degrees Fahrenheit. Use toma-
toes generously to enhance the flavor profile of this
deep dish pizza. Although the introduction and sub-
title for this recipe are not provided, the detailed
directions ensure that you can recreate this deli-
cious pizza with ease. The recipe does not specify
the yield unit, allowing you to adjust the quantity
based on your needs. Once the pizza is prepared
and cooked, it requires no additional standing time,
making it a quick and convenient option for any
meal. Enjoy the authentic taste of Sicilian Deep
Dish Pizza, a testament to the quality and expertise
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of The Florida Tomato Committee. Please deter-
mine whether the given table supports the above
statement. Output the full row corresponding to
the fact using a Python dict if it exists; otherwise,
output ‘Unsupported’.

V. External Knowledge Fusion (EKF)

Source: Open-ended generation.

Construction Method: Prompt GPT-40 to incor-
porate external knowledge (e.g., country capitals,
unit conversions) when interpreting cell content.
Questions are designed to require reasoning beyond
direct table lookup, simulating real-world semantic
integration.

Task Description: Assesses the integration of
external knowledge with tabular data. Requires
combining structural understanding with domain-
specific facts to support both factual recall and in-
ferential reasoning.

Example Questions: 1. preferred_foot = ‘left’;.
List the IDs of players whose preferred foot is left.
2. adults refer to users where Age BETWEEN 19
and 65;. Please list the display names of users who
are adults.

VL. Irregular Numerical Interpretation (INI)

Source: Augmented synthesis.

Construction Method: Introduce controlled per-
turbations to numeric columns in synthesized
EM/BCF/FR examples—70% are converted into
alternative formats such as Roman numerals (“III”"),
verbal expressions (‘“one hundred”), or scientific
notation (“1.1x107°2”). Date formats are also
varied (e.g., “YYY-MM-DD”, “MM/DD/YYYY”,
“DD.MM.YYYY”).

Task Description: Evaluates the ability to inter-
pret non-standard numerical and date formats. Re-
quires accurate semantic understanding and reason-
ing over heterogeneous numeric expressions within
tabular contexts.

Example Questions: 1. What are the create dates
of the votes that were for the contestant named
‘Tabatha Gehling’? 2. What is the part number of
the object with a size of 9 and manufactured by
Manufacturer#1?

B Table Format Examples

To evaluate model robustness under diverse table
serialization schemes, each table is rendered into
seven formats using programmatic conversion. Be-

low we show examples of the same table rendered
in three representative formats.

Figure 5 displays an example table. The results
of converting this example table into other formats
are: Markdown Format (Figure 6), HTML Format
(Figure 8), JSON Format (Figure 7), LaTeX Format
(Figure 11), SQL Format (Figure 10), XML Format
(Figure 12), and CSV Format (Figure 9).

f Original DataFrame

L/

country population
@ Germany 83200000
1 Japan 125800000
2 Canada 38900000

Figure 5: Original DataFrame Example.

Markdown Format

| country | population |
s | ==mmmmmme |
| Germany | 83200000 |
| Japan | 125800000 |
| Canada | 38900000 |

Figure 6: Markdown Format Example.

([ JSON Format )
{
"data”: [

{
"index": 0,
"country": "Germany",
"population”: 83200000

} ’

{
"index": 1,
"country"”: "Japan”,
"population”: 125800000

} ’

{
"index": 2,
"country”: "Canada",
"population”: 38900000

}

1
3
\ J

Figure 7: JSON Format Example.

C Token Distribution Analysis Across
Formats

The token counts for tables and questions dis-
cussed in the main text represent the maximum
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([ HTML Format D ( SQL Format )
<table> CREATE TABLE test (country, population);
<thead> INSERT INTO test (country, population) VALUES
<tr><th>country</th><th>population</th> ('Germany', 83200000),
</tr> ('Japan', 125800000),
</thead> ('Canada', 38900000);
<tbody> \ J
<tr><td>Germany</td><td>83200000</td></tr>
<tr><td>Japan</td><td>125800000</td></tr>
<tr><td>Canada</td><td>38900000</td></tr> Figure 10: SQL Format Example.
</tbody>
L </table> ) [ LaTeX Format )
\begin{tabular}{11}
Figure 8: HTML Format Example. \hline
country & population \\
\hline
(  CSV Format ) Germany & 83200000 \\
Japan & 125800000 \\
country,population Canada & 38900000 \\
Germany, 83200000 \hline
Japan, 125800000 \end{tabular}
Canada, 38900000 \_ J

Figure 9: CSV Format Example.

values across all formats. In this section, we
provide a detailed analysis of token distributions
across the seven semi-structured formats used
in LONGTABLEBENCH: Markdown, HTML, JSON,
LaTeX, SQL, XML, and CSV. Unlike the aggregated
histograms presented in the main text, here we
present token distribution density plots separated
by format to better illustrate the subtle differences
in tokenization behavior and length characteristics
across representation schemes.

Figure 13 depicts the kernel density estimates
(KDE) of token counts calculated specifically over
the question portions for each format. Each curve
corresponds to a format, revealing how question
length varies depending on the encoding style and
formatting conventions.

Similarly, Figure 14 shows the KDE curves of
token counts derived from the table content itself,
again separated by format. This visualization high-
lights differences in token density related to how
tabular data is represented, including markup ver-
bosity and syntactic overhead.

From the density plots in Figures 13 and 14, it
is evident that the token counts vary notably across
formats. In particular, HTML, JSON, and XML consis-
tently exhibit higher token densities, reflecting their
relatively verbose markup syntax. Among these,
XML shows the largest token counts overall. Con-
versely, the remaining formats—Markdown, LaTeX,

Figure 11: LaTeX Format Example.

SQL, and especially CSV—tend to have lower token
counts, with CSV being the most compact repre-
sentation. These differences highlight the impact
of format choice on input length and, potentially,
model efficiency and performance.

D Prompt Examples

Since LLMs participate in many tasks, the to-
tal number of prompts used is very large. How-
ever, considering that many prompts share simi-
larities, we list some representative prompt tem-
plates, including evaluation prompts (Figure 15),
prompts for question-based transformation (Figure
16), prompts for template-based synthesis (Figure
17), and prompts for open-ended generation (Fig-
ure 18).

It is important to note that prompts may vary
across different models. For instance, some mod-
els require prompts to be specifically designed to
activate their reasoning mode, necessitating corre-
sponding adjustments to the prompt formulation.

E Dataset Construction and License

Our benchmark is derived from modifications
to three existing datasets: BIRD, Spider, and
Dr.Spider, all licensed under the Creative Com-
mons Attribution 4.0 International License (CC-
BY-4.0). To ensure compliance and promote open
research, we adopt the same CC-BY-4.0 license for
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a )

XML Format

<?xml version="1.0" ?>
<root>
<row>
<country>Germany</country>
<population>83200000</population>
</row>
<row>
<country>Japan</country>
<population>125800000</population>
</row>
<row>
<country>Canada</country>
<population>38900000</population>
</row>
</root>

Figure 12: XML Format Example.

our derived benchmark.
Attribution Requirements. As mandated by
CC-BY-4.0, users must:

* Cite the original datasets: BIRD (Li et al.,
2023b), Spider (Yu et al., 2018), and
Dr.Spider (Chang et al., 2023) in any pub-
lic use or derivatives.

* Acknowledge their work as the source of the
modified benchmark.

¢ Include a link to CC-BY-4.0 in distributions.

Recommended Attribution. For proper attribu-
tion, use this wording in documentation or publica-
tions:

“This work uses data derived from
BIRD (Li et al., 2023b), Spider (Yu
etal., 2018), and Dr.Spider (Chang et al.,
2023) (CC-BY-4.0). Our modified bench-
mark is also CC-BY-4.0 licensed.”

Modifications. We document all changes (e.g.,
schema adjustments, question rewrites, error fixes)
in our repository for reproducibility.

License Rationale. CC-BY-4.0 ensures:

e Compatibility with the original datasets’
terms.

e Community reuse while protecting author-
ship.

e Flexibility: Users may further modify our
benchmark if they preserve the attribution
chain.

F Models Used and Citation Information

The models utilized in our experiments include
the GPT series (Hurst et al., 2024), Gemini se-
ries (AL, 2025), Claude series (Anthropic, 2024),
DeepSeek series (Liu et al., 2024; Guo et al., 2025),
LLama3 series (Grattafiori et al., 2024), Qwen2.5
series (Team, 2024), Qwen2.5-1M series (Team,
2025a), QwQ-32B (Team, 2025¢), Qwen3 series
(Team, 2025b), phi series (Xu et al., 2025), GLM
series (GLM et al., 2024), gemma3 series (Team
et al., 2025), and mistral series (Jiang et al., 2023).
Due to the large number of models employed, we
provide citation information only for representa-
tive models rather than individual citations for each
model.

G Complete Experimental Results

We provide the full benchmark results evaluated on
52 large language models (LLMs), covering both
vanilla models and reasoning models with built-in
chain-of-thought (CoT) capabilities. Table 4 re-
ports results under the 8K length setting, Table 5
corresponds to the 32K setting, and Table 6 shows
performance under the 128K setting. These com-
prehensive evaluations form the foundation for the
aggregated views presented in above sections.
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Figure 13: Kernel density estimates of question token counts across the seven formats. Each line corresponds to one

format.
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Figure 14: Kernel density estimates of table token counts across the seven formats. Each line corresponds to one

format.
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Evaluation Prompts

### Requirements:

Please read the following table and then answer the questions based on the table.

Organize your answers into a list of strings, with each element being an answer item. If the question includes a special
requirement, such as outputting a dictionary, please fulfill that specific request. Otherwise, always output a list of strings,
even if there is only one answer item.

Please place your answers between the " “and * ™ °

### Notes:

The table may include non-standard formats for numbers or dates.

For numbers, formats may include Roman numerals, English words, or scientific notation. Whenever possible, please
convert these into Arabic numerals in your response.

For dates, the following formats may be encountered:

%Y-%m-%d <other time elements> (in Arabic numerals)

%d/%m/%Y <other time elements> (in Arabic numerals)

%m.%d.%Y <other time elements> (in Arabic numerals)

%Y.%m.%d <other time elements> (in English words for numbers)

9% Y-%m-%d <other time elements> (in Roman numerals)

Please convert all dates to the format % Y-%m-%d <other time elements> (in Arabic numerals) in your response.

Additionally, if there are duplicate answer_items, they should be output repeatedly (i.e., no deduplication).

# Example Output Format:
list[str]:

INENN

[‘answer_item_1’, ‘answer_item_2’, ..., ‘answer_item_n’]
dict:
{‘column_1’: value_1, ‘column_2’: value_2, ..., ‘column_n’: value_n}

INENEN

Please do not generate any text after outputting the final answer.

Table information:
{table_infos}

Question: {query}
Answer:

Figure 15: Evaluation Prompts.
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Prompts for Question-based Transformation

# CONTEXT #
The following is a text-to-SQL dataset. We have the table information, the question, and the SQL execution result for
this data. Our task is to rewrite the question into a TableQA format. The rewriting rules are:

1.The answer to a TableQA question typically consists of a single column. If the returned values contain multiple
columns and include a column with unique values, that column is usually chosen. Otherwise, the most relevant column
is selected based on context. For example, the question “Please find the ID, name, and age of people with a monthly
income of 5000” should be rewritten as “Please find the ID of people with a monthly income of 5000.”

2.Based on the first step, rewrite the question without changing its meaning.

3.According to the SQL execution result, rewrite the answer as a Python list of strings. For example, given the result:
ID Name Age

1 003 Tom 25

2 004 John 30

3 009 Mike 33

If we select only the 'ID’, the answer would be rewritten as [‘003°, ‘004°, ‘009°].

# Input #
{

“question”:*“Original question”,
“result”:*“The result of executing the SQL statement”

}

# RESPONSE #

{

“new_question":"Questions that are modified and rewritten according to the rules”,
“new_answer":[ ‘<Answer 1>’,‘<Answer 2>’,...,<Answer n>’]”

}

# Answer Required #

* Please strictly follow the format above for your response, i.e., generate a dict when modification or creation is possible.
This dict should contain two key-value pairs.

* Please generate only one dict.

* Do not generate any additional text.

# Input #
{input_str}

# RESPONSE #

Figure 16: Prompts for Template-based Synthesis.

Prompts for Question-based Transformation

# CONTEXT # I will now provide you with a template. Please rewrite it according to the specified require-
ments.{specific_task_requirements }

Please note: {specific_task_considerations}

# Answer Required #
* Do not generate any additional text.

{filled_template}

# RESPONSE #

Figure 17: Prompts for Question-based Transformation.
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Prompts for Open-ended Generation

# CONTEXT #

Please generate a question and corresponding answer based on the information provided in the given table. {spe-
cific_task_requirements }

1.If only one table is provided, the question should be answerable using just that table.

2.If multiple tables are provided, the question must require information from at least two tables along with the given
knowledge to answer.

The question should be specific enough that the answer can be clearly derived from the tables. The answer should be
organized in the form of a Python list, with the length of the list being greater than 0 and less than 6. Please generate a
multi-round dialogue where each round’s question builds upon the previous one, adding additional conditions or details
in each subsequent round.

Note: You can generate questions that require exact matching or numerical comparisons, and you may include
calculations involving several columns of values. However, you should not generate questions that involve statistical
calculations, such as those requiring the computation of averages or variances.

# Input #

{

“table_infos”:“Tabular information”
}

# RESPONSE #

{

“highlighted_table":[’<table 1>’ <table 2>’,...].#The core table where the answer is located.
“QA"[

{

round: 1,

“question”:“question 17,
“answer”’:<Answer 1>,

),

{

round: n,

“question”:*“Quesrion in round n”,
“answer’”’: <Answer n>

}..#n>1

#list[dict]

}

Where <Answer i> represents either a Python list[str], 0 < len(<Answer n>) < 6.

# Answer Required #

* Please strictly follow the format above for your response, i.e., generate a dict when modification or creation is possible.
This dict should contain two key-value pairs.

* Please generate only one dict.

* The number of answer terms should be between 1 and 5.

* Do not generate any additional text.

* Do not generate a judgment question or an open-ended question

# Input #
{input_str}

# RESPONSE #

Figure 18: Prompts for Open-ended Generation.
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Model Format EM BCF FCM FR EKF INI Avg.
Vanilla Models
Markdown 41.73 20.61 2735 2.00 2438 13.60 21.61
HTML 4591 19.28 29.12 3.02 21.11 1399 22.07
JSON 4049 20.03 27.13 2.04 2020 13.84 20.62
LLaMA-3.2-3B-Instruct LaTex 3877 2192 2995 499 21.13 9.68 21.07
SQL 45.10 2243 3209 997 2296 1737 24.99
XML 44,15 21.08 3448 12.11 2523 1322 25.04
CSV 40.88 1847 2576 12.16 21.26 13.24 21.96
Markdown 26.89 12.09 1137 4643 4522 2576 27.96
HTML 2592 1354 14.05 4220 4874 19.79 27.37
JSON 27.50 1586 27.12 3474 50.13 22.64 29.67
Owen2.5-3B-Instruct LaTex 2528 1247 14.64 4130 51.84 21.31 27.81
SQL 40.02 1574 1598 42.67 58.35 28.54 33.55
XML 23.68 1393 22.69 47.14 5043 23.63 30.25
CSV 21.24 1193 10.07 4547 5328 18.61 26.77
Markdown 35.64 6.22 8.58 3822 2091 16.70 21.05
HTML 47.14 2132 2577 50.15 2191 2351 31.63
JSON 49.03 22.04 3274 4266 2742 2385 3296
Phi-3-mini-128k-instruct LaTex 36.75 7.56 10.54 39.76 2434 19.51 23.08
SQL 29.55 945 11.50 4134 2149 21.09 2240
XML 48.34 16.04 31.12 5230 32.10 2546 34.23
CSV 2442 292 4.15 19.58 17.13 10.81 13.17
Markdown 24.12  3.12 2,55 2192 2454 1027 14.42
HTML 37.11 11.80 1425 5045 3696 2597 2942
JSON 4487 1540 2542 42.80 4098 2830 32.96
Phi-4-mini-instruct LaTex 20.03  3.97 344 1890 17.85 1234 1276
SQL 2426  4.51 842 2287 2651 1489 16091
XML 42,06 11.31 2131 5438 43.64 23.52 32.70
CSV 19.53 2.64 533 2634 1569 252 1201
Markdown 37.96 13.68 17.39 3423 17.00 18.03 23.05
HTML 3488 922 2217 2854 1883 1693 21.76
JSON 2832  9.36 16.29 25.83 21.90 20.39 20.35
Owen3-4B LaTex 30.68 10.28 14.77 33.87 22.11 13.77 20091
SQL 3773 11.80 14.02 38.13 22.85 2048 24.17
XML 39.62 9.65 2622 30.05 2696 2446 26.16
CSV 2992 1237 12.62 3509 1595 1393 19.98
Markdown 50.65 25.35 20.57 3071 2591 1696 28.36
HTML 47.19 2426 28.15 3394 3341 1740 30.72
JSON 44,57 2043 3790 2378 27.79 23.01 29.58
Gemma-3-4B-it LaTex 51.90 2321 2328 29.85 30.31 1690 29.24
SQL 48.01 2480 27.81 26.79 27.71 18.08 28.86
XML 51.63 2478 3630 28.72 33.58 21.44 3274
CSV 46.82 2359 2569 2353 2573 1436 26.62
Markdown 68.92 27.03 42.08 833 3322 22.69 33.71
HTML 70.61 2949 38.80 1146 3048 23.52 34.06
JSON 5295 23.19 44.68 20.15 3220 21.75 3249
Llama-3.1-8B-Instruct LaTex 70.69 30.12 45.67 7.82 32.14 18.08 34.09
SQL 69.98 28.05 3841 20.75 3250 25.10 35.80
XML 70.13 32.88 48.13 1198 34.15 2529 37.09
CSV 65.16 2454 43.01 28.07 34.00 2322 36.33
Markdown  57.02 2427 32.63 5878 49.78 33.06 42.59
HTML 52.04 26.73 3527 5488 5594 36.08 43.49
JSON 53.59 21.84 49.03 5553 67.85 40.66 48.08
Qwen2.5-7B-Instruct LaTeX 56.05 25.86 26.17 5568 5429 36.13 42.36
SQL 5223 2459 34.06 5759 46.89 32.13 41.25
XML 4930 25.54 3567 5589 6450 40.26 45.19
CSV 5273 22.09 18.87 5893 4938 30.05 38.67
Markdown 62.02 24.03 28.61 65.65 36.52 31.72 4142
HTML 64.61 31.00 3526 5922 4599 3453 45.10
JSON 64.82 27.18 4457 5597 4270 36.30 45.26
Owen2.5-7B-Instruct-1M LaTeX 60.87 27.63 3568 55.11 36.71 32.87 41.48
SQL 66.16 2646 23.85 61.71 37.15 29.17 40.75
XML 63.90 31.21 4631 59.04 4475 3626 4691
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Model Format EM BCF FCM FR EKF INI Avg.
CSV 5798 2588 2281 6156 3212 30.28 38.44
Markdown 64.14 2343 2826 5229 51.87 33.04 42.17
HTML 56.85 25.53 38.78 4899 52.67 33.65 42775
JSON 61.74 28.05 5564 5274 59.63 4247 50.04
TableGPT2-7B LaTeX 62.72 2352 3021 5242 6090 33.61 43.90
SQL 64.26 2337 29.80 47.44 5461 3548 4249
XML 62.62 2728 4681 56.46 6829 39.59 50.17
CSV 57.34 2406 2424 50.62 50.63 31.87 39.79
Markdown 24.48 1095 1472 1771 9.42 620 1392
HTML 36.16 9.83 7.65 1586 1143 8.89 1497
JSON 3287 725 1087 9.56 9.28 528 1252
TableLLM-Qwen2-7B LaTeX 28.68 845 1200 1856 1085 7.00 14.26
SQL 3136 1332 11.08 14.84 9.23 9.07 14.82
XML 2478 1020 982 1730 1090 729 1338
CSV 2350 639 1127 1552  8.81 637 1198
Markdown 33.56  0.68 574 1738 1043 591 1228
HTML 36.27  0.68 7.07 1454 1043 527 1238
JSON 3896 238 597 1696 991 588 13.34
TableLLM-Llama3.1-8B LaTeX 3326  0.68 3.63 1327 736 341  10.27
SQL 3445 0.68 449 17.13  9.06 391  11.62
XML 38.07 1.36 094 17.18 1047 427 12.05
CSV 2528  0.68 2.30 8.59 6.17 391 7.82
Markdown 19.61  4.89 6.12 1407 9.10 4.63 9.74
HTML 1.28 2.05 1.03 0.60 2.10 0.66 1.28
JSON 3.11 5.05 2.01 2.04 2.79 1.08 2.68
TableLlama LaTeX 20.01  5.13 5.27 9.78 6.88 3.24 8.39
SQL 14.81  6.19 339 10.80 6.34 3.62 7.52
XML 1.91 0.31 0.00 1.36 2.38 0.40 1.06
CSV 8.16 2.66 3.17 8.12 2.86 0.72 4.28
Markdown 5093 23.03 30.56 2839 1934 2040 28.77
HTML 4890 23.65 3031 3532 2340 2283 30.73
JSON 4894 2079 4243 2448 2332 2775 31.29
Mistral-7B-Instruct-v0.3 LaTeX 4596 2294 29.66 2037 20.84 20.85 26.77
SQL 4736 23.15 38.67 2791 2298 23.14 30.53
XML 5221 2399 4334 2881 2571 25.12 33.20
CSV 46.87 2336 31.11 3247 2421 18.02 29.34
Markdown 51.73 18.87 46.25 5793 2537 29.01 38.20
HTML 5378 21.12 35.13 4820 26.73 26.76 3529
JSON 40.19 17.67 3992 3899 2519 2790 31.64
Ministral-8B-Instruct-2410 LaTeX 53.81 13.21 3824 5357 2346 26.81 34.85
SQL 51.09 20.82 3837 46.10 24.17 2893 3492
XML 46.85 1698 4239 40.66 30.64 25.16 33.78
CSV 4753 22.67 46.84 4256 2524 26.03 35.15
Markdown 60.45 21.31 2930 58.04 4126 3654 41.15
HTML 52.16 19.03 3531 58.09 47.79 3031 4045
JSON 5328 21.17 48.60 5295 41.66 30.06 41.29
QOwen3-8B LaTeX 58.00 19.86 39.74 5832 51.64 27.80 42.56
SQL 63.67 2192 23.15 6493 5205 29.55 4254
XML 62.27 1943 4250 55.61 50.71 36.82 44.56
CSV 57.61 22.09 30.70 6882 39.85 26.37 4091
Markdown  62.07 2096 2625 46.56 27.79 2273 34.39
HTML 64.82 20.63 46.00 4854 32.10 23.77 39.31
JSON 61.49 2113 5072 2393 3132 21.79 35.06
GLM-4-9B-Chat LaTeX 61.80 19.58 37.14 4434 29.78 21.39 35.67
SQL 63.79 2292 3434 4751 3001 2412 37.11
XML 65.17 22.08 5724 4520 3338 26.09 4153
CSV 58.94 1853 27.16 4384 27.86 2147 3297
Markdown 60.04 1832 2744 51.04 2735 2420 3473
HTML 63.39 1952 4147 40.60 32.02 20.11 36.19
JSON 5841 17.45 5287 2129 3393 2234 3438
GLM-4-9B-Chat-1M LaTeX 63.32 2125 2436 4399 3206 2579 3513
SQL 64.23 2178 2833 44.01 2920 1846 3434
XML 57.38 1879 3334 4526 29.18 15.64 33.27
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Model Format EM BCF FCM FR EKF INI Avg.
CSV 5731 1615 2647 4125 2356 20.72 3091
Markdown 56.45 3121 4212 6023 51.69 34.68 46.06
HTML 57.22 2927 5042 74.06 57.78 38.63 51.23
JSON 55.85 3030 5034 5092 53.09 3498 4592
GLM-4-9B-0414 LaTeX 56.78 3096 4694 63.61 49.70 3443 47.07
SQL 56.82 33.80 35.85 5877 4897 32.61 44.47
XML 61.58 34.67 5291 6982 6379 3638 53.19
CSV 56.82 30.52 4593 59.65 4723 3795 4635
Markdown  73.04 32.08 6234 5453 5555 3814 5261
HTML 73.70 3394 5381 5845 67.08 39.64 54.43
JSON 67.02 31.13 5058 4825 57774 3941 49.02
Gemma-3-12B-it LaTeX 69.05 36.75 5823 5856 6145 41.16 54.20
SQL 7441 3024 4420 6531 62.09 3843 5245
XML 71.87 3381 47.19 5745 6503 4293 53.05
CSV 69.53 3037 6129 58.08 5328 36.83 51.56
Markdown 6934 2939 46.68 61.82 7547 46.63 54.89
HTML 7496 30.11 42.15 61.86 76.05 48.68 55.64
JSON 73.80 2532 5044 5693 7629 43.62 54.40
Mistral-Nemo-Instruct-2407 LaTeX 69.86 31.16 43.65 6293 76.10 4477 54.75
SQL 73.16 2826 4585 6149 7410 4589 54.79
XML 7297 3040 5349 63.63 76.72 4727 5741
CSV 70.70 2691 4157 5996 72771 4491 5279
Markdown 6894 27.17 4995 71.16 63.14 4594 5438
HTML 70.03 3219 6090 71.75 6593 40.71 56.92
JSON 6543 2492 5743 47.63 6788 37.82 50.19
Qwen2.5-14B-Instruct LaTeX 70.53 3136 51.16 7738 6885 4397 5721
SQL 68.28 3398 43.12 7216 6148 4153 5343
XML 67.74 32.07 6148 65.62 7225 4241 5693
CSV 71.35 2882 56.12 7836 66.77 4095 57.06
Markdown  70.53 3256 50.81 8224 44.68 4584 5444
HTML 7296 27.60 52776 83.04 5793 4391 56.37
JSON 69.53 21.16 51.71 54.03 5582 4047 48.79
Owen2.5-14B-Instruct-1M LaTeX 68.66 31.67 5629 8426 4194 36.50 53.22
SQL 7429 2994 4159 7816 42.64 3647 50.52
XML 76.35 3398 62.62 7637 6341 49.71 60.41
CSV 66.77 26.08 4243 83.19 5224 3534 51.01
Markdown  75.66 3238 5433 78.06 76.76 41.19 59.73
HTML 7486 29.60 4546 8091 77.30 42.07 58.37
JSON 69.25 2371 4654 5195 7937 3642 51.21
Qwen3-14B LaTeX 78.27 2893 51.65 7847 7741 4194 5945
SQL 75.74 3228 46.00 76.10 79.01 41.82 58.49
XML 75.06 29.72 4838 7253 75.14 44776 57.60
CSV 74.10 27.82 5349 7599 6991 41.10 57.07
Markdown 82.02 4128 57.05 6294 66.16 4326 58.78
HTML 85.63 4348 5471 64.87 6481 4493 59.74
JSON 85.07 3744 5581 3193 74.63 4296 54.64
Mistral-Small-3.1-24B-Instruct-2503 LaTeX 83.40 42.10 57.67 60.65 6896 47.33 60.02
SQL 8341 43.12 5579 6138 7875 47.63 61.68
XML 87.15 42.60 6436 60.58 7525 52.14 63.68
CSV 83.88 3940 5380 58.67 64.87 4371 57.39
Markdown 76.16 31.64 54.16 7595 63.82 43.13 5748
HTML 7339 33.18 5235 7337 5269 3834 53.89
JSON 7138 2328 4539 5753 6149 4182 50.15
QOwen3-30B-A3B LaTeX 7530 3234 5052 7394 6620 4045 56.46
SQL 76.98 33.43 47.13 7583 5540 3494 5395
XML 7691 34.64 4849 70.74 6296 4341 56.19
CSV 76.66 2824 4383 71.66 65.10 40.07 54.26
Markdown 7294 3495 50.61 68.81 67.85 4336 5642
HTML 7321 3151 43.83 6831 62.05 37.12 52.67
JSON 73.90 29.67 4546 4096 6560 41.81 49.57
Qwen3-32B LaTeX 7490 3631 48.56 7037 6748 4349 56.85
SQL 75.83 3211 4125 71.80 69.13 43.14 55.54
XML 81.08 33.88 42770 6846 73.18 4827 5793
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Model Format EM BCF FCM FR EKF INI Avg.
CSVv 79.12 3450 49.57 69.79 5359 4045 54.50
Markdown 76.20 37.66 53.55 90.64 8138 52.81 65.37
HTML 76.30 3692 59.58 82.08 80.54 48.35 63.96
JSON 68.77 3092 6091 55.08 79.19 4427 56.52
GLM-4-32B-0414 LaTeX 7538 37.57 5642 81.67 78.62 49.82 63.25
SQL 7532 3484 4448 7498 80.10 4544 59.19
XML 77.65 3541 52.02 7298 81.72 50.81 61.77
CSvV 69.29 3621 57.69 8530 7239 5250 62.23
Markdown 85.69 41.17 4240 75.80 43.67 3947 54.70
HTML 85.39 40.50 4741 82.64 50.61 4046 57.83
JSON 80.05 35.53 4959 4589 46.62 34.04 48.62
Llama-3.1-70B-Instruct LaTeX 84.03 4323 4145 77.69 4395 3997 55.05
SQL 84.87 4134 5429 7233 4624 3944 5642
XML 87.83 4330 6091 73.09 56.84 4298 60.82
CSV 81.50 39.35 40.85 76.52 46.00 35.11 53.22
Markdown 83.50 50.31 47.85 75.61 66.25 4340 61.15
HTML 83.14 48.13 51.11 74.03 6434 39.12 59.98
JSON 80.27 40.64 49.54 46.52 61.54 4024 53.12
Llama-3.3-70B-Instruct LaTeX 8244 46.53 5529 7291 6638 4321 61.13
SQL 83.05 4994 5572 7670 67.02 47.02 63.24
XML 86.82 4752 7173 4828 61.83 39.66 59.31
CSV 83.70 44.04 42.17 6822 66.19 43.82 58.02
Markdown 81.63 46.36 7298 8346 7888 5230 69.27
HTML 81.69 45.60 6748 7554 7493 5023 65091
JSON 79.09 3839 67.30 5225 7877 49.87 60.94
Qwen2.5-72B-Instruct LaTeX 84.85 47.59 6697 8644 7899 56.20 70.18
SQL 84.51 47.14 6764 8147 8486 57.11 7045
XML 85.67 4776 70.19 77.77 79.82 56.33 69.59
CSv 82.61 41.69 6736 80.58 80.58 5248 67.55
Markdown 8592 46.55 6501 87.74 8593 5386 70.84
HTML 86.43 4635 64.03 84.12 80.17 51.07 68.70
JSON 86.71 4044 6348 5477 7990 51.37 62.78
Mistral-Large-Instruct-2411 LaTeX 87.48 4992 6723 88.41 74.10 56.04 70.53
SQL 84.83 4594 57.89 8535 8150 61.01 69.42
XML 84.97 4495 5526 81.25 8470 55.09 67.70
CSV 86.46 42.60 6342 8574 6575 4633 65.05
Markdown 91.49 56.05 7437 84.88 79.65 60.05 7442
HTML 92.64 6125 73.13 8930 90.09 63.16 78.26
JSON 88.53 48.87 7144 55.68 8425 54.19 67.16
DeepSeek-V3 LaTeX 92.08 6129 77.39 90.03 8696 64.16 78.65
SQL 92.08 5731 77.08 8598 90.60 61.17 77.37
XML 9299 5833 7696 80.23 85.15 62.81 76.08
CSv 91.63 57.63 7128 89.40 8092 60.12 75.16
Markdown 7546 3736 50.76 74.02 4231 36.79 52.78
HTML 77.03 36.64 5855 6721 4488 37.31 53.60
JSON 77.82 3481 53.64 4420 51.03 3394 49.24
GPT-40-mini-2024-07-18 LaTex 75.78 3798 6193 6725 4634 39.73 54.84
SQL 77.82 4055 56.01 7290 4320 38.59 54.84
XML 81.90 38.19 4751 70.62 4870 41.77 54.78
CSv 76.96 3750 47.50 77.86 4093 3393 5245
Markdown 90.51 5894 7340 51.61 86.06 5699 69.58
HTML 90.89 5771 73.12 5176 8255 55.12 68.53
JSON 91.06 59.10 71.00 51.88 8554 5449 68.85
Gemini-2.0-flash LaTeX 90.68 6230 7475 5340 82.66 58.98 70.46
SQL 89.85 62.01 71.81 5576 7821 5526 68.82
XML 90.80 63.13 64.04 52.89 86.66 56.70 69.04
CSV 87.25 59.09 7249 49.59 77779 5335 66.59
Markdown 94.83 61.20 7547 87.64 91.16 6922 79.92
HTML 89.80 65.31 7558 8599 86.80 66.00 78.25
JSON 92.69 5895 7257 5534 8643 56.88 70.48
GPT-40-2024-08-06 LaTex 93.16 61.75 7391 8739 90.00 69.63 79.31
SQL 93.13 6542 7377 84.68 9149 6629 79.13
XML 9529 6445 73.17 8129 87.67 67.58 78.24
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CSV 9282 6329 73.76 8851 90.76 6798 79.52
Markdown 89.51 61.66 67.42 8698 87.73 6291 76.03
HTML 90.31 6691 67.37 8556 79.03 66.12 75.88
JSON 88.63 60.53 66.15 5438 76.71 59.81 67.70
Claude-3.5-sonnet-20241022 LaTex 91.92 6721 6539 87.62 86.15 66.74 77.50
SQL 93.56 64.55 6422 8144 85.18 67.02 75.99
XML 93.02 6479 6745 80.61 8437 60.05 75.05
CSV 87.73 6696 67.38 87.74 8290 64.19 76.15
Reasoning Models
Markdown 13.28 13.03 328 2726 689 7.81 1193
HTML 8.61 3.34 1.34 2679 1066 879  9.92
JSON 870 548 555 1579 795 8.00 8.58
Phi-4-mini-reasoning LaTeX 1053 530 393 2284 1059 8.18 1023
SQL 1249 984 413 23.09 800 563 1053
XML 1454  6.68 597 2284 476 936 10.69
CSv 5.81 5.29 129 1470 434 5091 6.22
Markdown 51.72  6.92 1996 24.53 41.25 2046 27.47
HTML 48.61 636 1891 31.85 43.66 22.02 28.57
JSON 4408 922 2799 2879 51.14 28.70 31.65
Qwen3-4B-thinking LaTeX 48.70 1043 2093 2620 36.92 2083 27.34
SQL 51.61 898 2126 3321 5045 2095 31.08
XML 4772  7.06 2896 3550 5594 27.00 33.70
CSvV 43.04 6.23 1939 1924 3094 17.35 22.70
Markdown 27.01 9.74 1545 2375 31.51 20.67 21.36
HTML 18.65 9.20 12.06 20.85 19.20 7.54 14.58
JSON 16.77 1049 949 1447 2031 10.18 13.62
DeepSeek-R1-Distill-Qwen-7B LaTeX 25.00 16.15 13.10 23.77 29.73 1226 20.00
SQL 2744 13.01 1193 22.67 20.61 1875 19.07
XML 18.53  7.86 12.54  12.61 2126 8.64 13.57
CSVv 27.83  8.07 931 2654 27.84 19.18 19.79
Markdown 59.50 39.11 2696 50.80 47.14 2736 41.81
HTML 5832 3446 2992 5552 4942 2653 4236
JSON 50.14 30.89 37.54 3690 5550 31.16 40.35
DeepSeek-R1-Distill-Llama-8B LaTeX 63.44 33.01 2896 57.12 4736 3274 43.77
SQL 52.64 2971 27.66 51.12 4695 29.69 39.63
XML 5387 34.85 24.15 57.19 56.71 30.81 4293
CSV 58.80 31.21 26,50 50.72 4541 1942 38.68
Markdown 52.07 11.03 29.70 3891 53.83 2693 3541
HTML 50.88 9.25 2546 4750 5226 2833 35.61
JSON 47.07 8.07 3483 39.01 5334 29.71 3534
Qwen3-8B-thinking LaTeX 5142 1143 2547 4026 50.64 30.21 34.90
SQL 54.08 7.27 29.61 47.67 5452 2999 37.19
XML 51.00 1051 26.75 47.99 6396 26.54 37.79
CSV 51.88 7.27 20.03 36770 41.76 23.19 30.14
Markdown 83.27 60.10 51.85 7623 7390 50.07 65.90
HTML 7741 51.80 48.18 73.21 7535 47.12 62.18
JSON 84.88 69.59 5455 5258 79.51 51.22 65.39
GLM-Z1-9B-0414 LaTeX 83.54 5940 4597 67.77 6827 5258 6292
SQL 79.55 60.71 49.56 64.62 76.09 5130 63.64
XML 80.75 5835 57.62 64.12 7743 5149 64.96
CSv 81.18 55.890 4583 69.44 7557 4993 6297
Markdown 6891 1579 40.11 69.12 65.79 43.64 50.56
HTML 6548 20.80 4327 6832 66.89 41.27 51.00
JSON 6450 17.21 50.63 48.13 7497 34770 48.35
Qwen3-14B-thinking LaTeX 69.19 21.88 4435 69.41 6829 43.08 52.70
SQL 68.38 13.09 44.82 66.50 6555 36.88 49.20
XML 70.81 15.08 4529 67.42 7255 41.17 52.05
CSV 70.06 17.25 4253 7245 6401 39.72 51.00
Markdown 71.28 13.63 44.70 45.63 56.76 29.12 43.52
HTML 63.17 16.68 4742 49.67 69.16 34.00 46.68
JSON 66.15 20.60 5321 4398 71.85 37.23 48.84
Qwen3-30B-A3B-thinking LaTeX 61.03 1449 3921 4592 62.66 3549 43.13
SQL 64.05 11.86 4444 49.00 59.73 3256 43.61
XML 66.66 1559 40.19 55.60 70.77 40.56 48.23
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CSV 61.87 1291 4297 42.61 48.69 30.00 39.84
Markdown 87.48 4931 64.82 79.15 83.59 6047 70.80
HTML 83.51 57.50 6597 79.76 8422 57.69 71.44
JSON 8222 65.83 6332 50.05 8396 54.04 66.57
OwQ-32B LaTeX 87.61 52.11 67.00 79.02 8476 56.88 71.23
SQL 8590 53.01 56.69 75.62 8573 6276 69.95
XML 84.78 56.79 55.15 69.80 83.58 56.39 67.75
CSV 86.99 49.62 66.66 80.73 84.87 53.54 70.40
Markdown 85.02 63.80 5539 7559 78.12 60.13 69.68
HTML 81.79 70.22 5190 82.17 8291 6028 71.54
JSON 8278 67.05 58.12 48.64 81.13 55.63 65.56
DeepSeek-R1-Distill-Qwen-32B LaTeX 83.47 7042 5872 77.78 80.41 61.79 72.10
SQL 86.96 67.81 5698 7542 8298 61.15 71.88
XML 84.09 65.79 66.77 7478 83.05 6198 72.74
CSV 84.87 65.06 5508 7776 74.60 57.28 69.11
Markdown 69.70 17.12 46.06 68.07 6896 4282 52.12
HTML 69.69 20.62 4456 69.48 6722 3924 51.80
JSON 66.31 17.45 5129 4693 6948 38.39 4831
Qwen3-32B-thinking LaTeX 67.93 20.62 40.10 72.10 61.61 4372 51.01
SQL 66.05 1458 37.83 6735 64.69 4448 49.16
XML 70.30 1997 4398 63.14 73.08 4028 51.79
CSV 70.11 2112 40.10 66.60 60.24 38.20 49.39
Markdown 8195 59.36 4690 49.75 81.07 47.74 61.13
HTML 76.82 53.04 4295 4740 7653 50.86 57.93
JSON 83.86 72.72 61.73 4830 85.06 56.52 68.03
GLM-Z1-32B-0414 LaTeX 84.05 61.18 4947 4782 8428 5220 63.17
SQL 83.54 60.12 4650 47.23 81.05 51.34 61.63
XML 75.81 5592 4333 5171 81.84 50.77 59.90
CSV 8220 62.62 50.70 49.16 7726 5137 6222
Markdown 8157 59.39 5424 7679 72.68 5571 66.73
HTML 80.98 5990 51.63 7650 7596 6040 67.56
JSON 80.32 6137 4987 47.04 7812 57.85 6243
DeepSeek-RI-Distill-Llama-70B LaTeX 8247 68.50 51.61 71.07 71.16 5850 67.22
SQL 8541 62.61 5561 71.04 6993 57.18 66.97
XML 86.90 62.55 5358 77.14 76.71 5828 69.19
CSV 8475 66.04 56.06 7125 6732 51.09 66.09
Markdown 91.88 79.87 7372 81.88 8497 6838 80.12
HTML 94.00 84.14 71.81 80.03 84.15 66.77 80.15
JSON 9438 8139 6844 5485 8524 6522 7492
DeepSeek-R1 LaTeX 9449 8277 73775 86.65 87.09 69.21 82.33
SQL 9191 8170 66.50 8574 8550 67.86 79.87
XML 9237 8294 7537 7851 90.77 68.08 81.34
CSV 91.14 80.89 71.01 8424 86.81 67.89 80.33
Markdown 91.14 7426 74.65 56.03 89.11 6437 7493
HTML 91.52 7296 7547 59.89 90.01 62.81 75.44
JSON 90.83 7225 7486 53.88 8827 65.80 74.32
Gemini-2.0-flash-thinking-exp-01-21 LaTeX 9233 80.03 7635 56.42 8793 6155 7577
SQL 90.31 7153 7482 5797 89.73 64.09 74.74
XML 9334 6452 66.12 5930 88.16 62.23 72.28
CSV 91.13 7773 7574 6147 81.74 64.18 7533

Table 4: Full experimental results under the 8K length setting across 7 formats and 6 task types. Avg is the mean
score.
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Model Format EM BCF FCM FR EKF INI Avg.
Vanilla Models
Markdown 22.06 21.72  8.69 0.00 11.36 559 11.57
HTML 1771  25.71 2.19 0.00 7.89 10.76  10.71
JSON 14.66 2775 3.62 2.08 7.53 3.81 9.91
LLaMA-3.2-3B-Instruct LaTeX 7.70 16.15 3.52 0.00 13.33 493 7.60
SQL 2455 27774 192 0.00 1336 1271 13.38
XML 5.64 28.06 0.1 1.56 7.73 6.27 8.30
CSV 22.08 25.16 4.70 0.00 13.03 1292 1298
Markdown  4.60 7.98 335 3993 30.74 25.19 18.63
HTML 940 10.87 7.60 2292 3790 34.03 2045
JSON 7.90 11.51 1148 31.77 38.13 3278 22.26
Owen2.5-3B-Instruct LaTeX 11.30  1.13 444 2847 3465 2945 18.24
SQL 22.16 942 10.63 21.88 4097 3475 23.30
XML 11.94 448 1.78 3148 3686 3235 19.82
CSV 5.40 2.11 9.99 2990 3155 1836 1622
Markdown 24.54 1697 228 3149 20.87 29.69 20.97
HTML 3293 1749 1.92 3125 1648 17.12 19.53
JSON 3503 2135 6.65 2273 1698 30.54 2221
Phi-3-mini-128k-instruct LaTeX 290.10 13.06 2.14 2986 16.72 19.59 18.41
SQL 34.14 1847 534 30.56 18.02 2931 22.64
XML 3448 1506 140 1621 2237 2289 18.73
CSV 2996 1543 462 3749 1622 27.85 21.93
Markdown 33.14 13.16 294 30.73 37.58 30.67 24.70
HTML 35.14 9.36 0.11 722  19.18 14.02 14.17
JSON 3744 1865 2.73 9.03 17.17  8.53 15.59
Phi-4-mini-instruct LaTeX 30.88 1220 7.31 2031 2773 1454 18.83
SQL 4531 10.49 1.85 20.83 2852 28.11 22.52
XML 38.70  9.63 1.19 1855 18.65 1549 17.04
CSV 3482 8.84 6.33 10.59 31.02 11.78 17.23
Markdown 17.66 16.52 557 2298 14.89 1099 14.77
HTML 3147 1379 4.53 1458 17.04 11.38 15.47
JSON 1341 20.09 6.55 1250 2094 21.20 15.78
Owen3-4B LaTeX 22.12 16.66 4.63 19.39 2275 591 15.24
SQL 24.18 17.85 291 13.00 1299 2344 15.73
XML 2236 1432  6.85 7.81 25.09 650 13.82
CSV 21.89 10.64 6.13 16.04 21.83 12.81 14.89
Markdown 3149 1322 8.41 22.02 20.74 26.73 2043
HTML 3049 11.50 1191 2882 1694 25.06 20.79
JSON 28.69 16.87 7.50 944 1539 17.92 15.97
Gemma-3-4B-it LaTeX 3346 16.89 932 2156 2147 27.65 21.72
SQL 33.19 11.64 5.61 16.07 16.80 22.65 17.66
XML 31.50 13.17 774 2274 1796 18.34 18.57
CSV 3134 1223 10.88 1549 17.41 24.05 1857
Markdown 65.70 25.65 4.10 0.00 2559 1277 22.30
HTML 30.50 2853 11.03 1458 14.11 1270 18.58
JSON 43.84 1292  9.00 1.56 17.60 9.31 15.70
Llama-3.1-8B-Instruct LaTeX 5437 2239 11.86 3.13 2230 7.18 20.20
SQL 63.53 25.80 7.58 3.18 2294 18.21 23.54
XML 5192 1744 9.25 1.56 17.00 854 17.62
CSV 5435 2221 8.84 2031 17.56 15.64 23.15
Markdown 29.79 11.14 1390 44.81 34.81 37.16 28.60
HTML 30.62 12.69 17.30 60.00 3822 45.13 33.99
JSON 3436 19.02 2021 43.87 47.08 41.06 34.27
Qwen2.5-7B-Instruct LaTeX 33.52 13.07 1258 53.13 26.13 43.07 30.25
SQL 31.03 2122 1460 5297 33.06 31.15 30.67
XML 3336 1629 1749 4471 36.72 4273 31.88
CSV 27.65 2097 1495 4743 3934 3220 3042
Markdown 36.88 28.70 30.81 54.00 21.03 2424 32.61
HTML 4876 2299 2726 5220 2225 2046 32.32
JSON 4724  23.00 3143 4826 2842 19.38 3296
Owen2.5-7B-Instruct-1M LaTeX 4695 2585 8.64 5198 26.15 2437 30.66
SQL 53.37 2272 2335 5122 2608 20.00 32.79
XML 52.62 26.02 2159 5424 27.77 2252 34.13
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Model Format EM BCF FCM FR EKF INI Avg.
CSV 3923 2124 1342 4750 1894 18.10 26.40
Markdown 36.20 20.78 875 5243 31.31 4491 3240
HTML 38.00 2272 1351 4045 3152 2730 2892
JSON 37.66 24.65 13.08 34.03 3091 2395 27.38
TableGPT2-7B LaTeX 3733 11.80 9.00 5243 38.61 3091 30.01
SQL 3225 2423 7.01 4549 3286 26.62 28.08
XML 3563 17.82 10.64 51.86 4422 4428 34.07
CSV 30.19 1465 799 4340 33.84 41.18 28.54
Markdown 28.22 4.71 5.56 5.56 343 11.22 9.78
HTML 17.83 427 5.56 5.56 1092 11.81 9.32
JSON 14.53 1.80 5.56 11.81 6.29 9.17 8.19
TableLLM-Qwen2-7B LaTeX 21.02 6.13 5.56 4.17 9.10 6.11 8.68
SQL 2548  5.66 556 1528 7.28 9.58 11.47
XML 13.52 6.23 5.56 6.94 4.82 5.83 7.15
CSV 13.11 094 5.56 5.56 4.96 8.33 6.41
Markdown  42.07 4.17 0.00 1337 540 10.00 12.50
HTML 39.43 1.75 0.00 2292 4.58 15.83 14.08
JSON 3242 4.17 0.00 1406 392 1250 11.18
TableLLM-Llama3.1-8B LaTeX 37.60 4.44 0.00 2292 466 14.17 13.96
SQL 3943 333 0.00 1892 6.13 12.50  13.39
XML 4451 222 0.00 10.59 3.68 11.67 12.11
CSV 2795 3.06 0.00 2.95 343 6.67 7.34
Markdown  0.00 0.00 0.00 0.00 0.00 0.00 0.00
HTML 0.00 0.00 0.00 0.00 0.73 0.00 0.12
JSON 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TableLlama LaTeX 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SQL 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XML 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CSV 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Markdown 39.87 17.30 10.58 17.77 20.89 18.25 20.78
HTML 40.66 2398 1449 1654 1539 13.55 20.77
JSON 2223 1486 7.80 436 1820 7.97 12.57
Mistral-7B-Instruct-v0.3 LaTeX 3092 16.10 9.24 13.24 21.07 18.13 18.12
SQL 2933  17.04 1022 11.79 21.71 1554 17.60
XML 27.99 1456 1040 27.13 17.60 1642 19.02
CSV 3793 16.69 8.00 13.59 2282 27.02 21.01
Markdown 3543  7.46 7.86 2199 1724 1772 1795
HTML 31.80 0.99 6.66 30.09 1421 19.11 17.15
JSON 1494 16.57 4.19 13.37 9.93 1044  11.57
Ministral-8B-Instruct-2410 LaTeX 25.87 228 748  27.14 16.08 20.28 16.52
SQL 3884 2154 626 1481 17.08 1793 1941
XML 1090 4.76 409 31.19 929 1390 12.36
CSV 3321 2150 5.15 4236 1191 2124 2256
Markdown 31.75 1148 377 40.10 24.10 31.69 23.81
HTML 2545 18.02 398 4135 1848 27.62 2248
JSON 26.86 24.66 1394 30.56 17.16 15.04 21.37
QOwen3-8B LaTeX 2730 17.86 940 4420 2202 31.76 2542
SQL 30.63 1838 17.84 3575 2524 4284 2845
XML 3049 23.19 244 36.63 1523 1479 20.46
CSV 29.82 17.73 1033 39.10 26.08 40.88 27.32
Markdown 51.91 18.51 424 3403 2246 2497 26.02
HTML 49.72 2720 757 2569 20.76 2322 25.69
JSON 5242 2561 2.53 9.72 2141 17.80 21.58
GLM-4-9B-Chat LaTeX 50.02 22.89 16.18 36.11 20.55 24.64 28.40
SQL 39.88 23.67 431 2639 2135 2224 2297
XML 5570 2254 545 2847 1940 27.53 26.52
CSV 51.01 2233 448 2778 2277 2597 25.73
Markdown 51.38 19.31 10.18 33.33 26.39 28.57 28.19
HTML 48.68 23.85 1578 13.19 25.01 19.06 24.26
JSON 49.14 2893 6.14 2569 19.33 15.07 24.05
GLM-4-9B-Chat-1M LaTeX 4957 22,14 12.10 38.19 17.88 2820 28.02
SQL 5594 2327 11.77 3559 2241 29.52 29.75
XML 56.11 17.65 5.73 5.59 1575 29.62 21.74
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Model Format EM BCF FCM FR EKF INI Avg.
CSV 46.24 24776 13.39 36.81 20.36 4090 3041
Markdown 2857 1422 2036 4398 2571 1876 25.27
HTML 2647 1951 15.15 21.88 2678 20.65 21.74
JSON 2620 2556 8.62 1858 13.16 10.05 17.03
GLM-4-9B-0414 LaTeX 2495 2247 1559 4815 2647 20.03 26.28
SQL 3096 1937 10.05 42.82 2576 21.51 25.08
XML 1534 2035 449 2188 1538 638 1397
CSV 29.72  21.61 993 4144 3883 4381 30.89
Markdown 45779 1346 21.00 49.17 4137 26.07 32.81
HTML 4234  21.10 1149 4844 37.05 23.72 30.69
JSON 46.17 2420 20.65 42.00 41.60 25.02 33.27
Gemma-3-12B-it LaTeX 4581 19.57 2233 48.67 42.83 2627 3425
SQL 3959 24,60 1730 45.64 4225 4142 35.13
XML 48.72 2419 29.67 4236 39.76 24.68 34.90
CSV 45.66 2237 10.67 53.19 40.10 2343 3257
Markdown 38.16 19.80 8.18 5435 56.24 4656 37.22
HTML 2037 1074 10.76 5455 34.60 4121 28.71
JSON 2490 1649 424 4792 41776 4094 29.38
Mistral-Nemo-Instruct-2407 LaTeX 31.00 31.72 11.66 6324 5750 49.62 40.79
SQL 3257 26.64 505 51.09 5751 4942 37.05
XML 2356 21.63 556 44.65 4949 46.89 31.96
CSV 4551 25.62 1547 6397 5975 48.09 43.07
Markdown 4836 13.16 14.08 37.08 40.09 47.13 33.32
HTML 46.85 2936 1491 5845 3892 5130 39.96
JSON 40.64 2974 11.75 4549 4229 3556 34.25
Qwen2.5-14B-Instruct LaTeX 49.11 2359 14.60 4826 3571 4886 36.69
SQL 4589 2331 14.10 40.63 4042 36.65 33.50
XML 4112 29.02 1423 55.03 29.62 4091 34.99
CSV 41.61 2388 1446 41.03 4323 35.17 3323
Markdown 52.86 22.80 14.65 5395 3793 2795 35.02
HTML 60.80 27.53 2042 59.12 4055 4424 4211
JSON 60.14 2344 2151 43.06 3370 23.60 34.24
Owen2.5-14B-Instruct-1M LaTeX 47.80 2449 20.69 6645 42,61 53.19 4254
SQL 57.82 2751 2244 6038 31.72 56.34 4270
XML 57.68 26.01 20.18 5795 31.18 26.01 36.50
CSV 4893 20.82 2282 58.69 3526 5330 39.97
Markdown 49.03 2944 1244 5573 53.65 53.85 42.36
HTML 4924 2783 12.84 5499 5247 5680 42.36
JSON 4533 30.10 13.21 40.00 52.72 48.27 38.27
Qwen3-14B LaTeX 48.87 28.67 17.77 58.68 50.56 5591 43.41
SQL 51.08 2819 19.55 4985 50.74 5147 41.81
XML 4944 3920 1695 4888 50.87 51.69 4284
CSV 4450 2737 1338 56.08 43.72 4692 38.66
Markdown 59.45 29.66 14.65 39.86 49.01 5620 41.47
HTML 63.06 29.83 18.68 34.88 51.27 49.69 41.24
JSON 6042 2783 1574 3559 50.02 4836 39.66
Mistral-Small-3.1-24B-Instruct-2503 LaTeX 60.98 33.72 18.84 4033 4843 60.18 43.75
SQL 63.79 3284 1527 3940 5058 5199 4231
XML 65.19 3393 20.83 4640 4633 42.84 42.59
CSV 61.74 38.63 16.87 40.52 4345 5541 4277
Markdown 56.03 2345 1479 5370 42.07 3454 3743
HTML 48.18  7.63 956 51.74 41.79 4580 34.12
JSON 33.65 2792 9.62 51.62 4027 4270 34.30
QOwen3-30B-A3B LaTeX 4822 1642 1220 5244 38.67 48.73 36.12
SQL 4424 2229 16.67 4930 4475 37.53 35.80
XML 47.00 14.00 450 5521 4392 19.74 30.73
CSV 54.18 1676 1541 5295 4430 4575 3823
Markdown 40.80 2290 20.43 29.88 4223 4650 33.79
HTML 4237 3724 2234 5521 4349 5442 4251
JSON 41.61 3589 2483 3641 40.82 4444 3734
Qwen3-32B LaTeX 41.10 2798 17.51 4535 4350 5219 37.94
SQL 4597 30.14 20.11 4483 4557 36.89 3725
XML 5193 4117 1878 5825 49.43 5356 45.52
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CSVv 4581 2621 16.01 4497 40.82 4841 37.04
Markdown 46.96 4293 20.65 67.31 5823 5540 48.58
HTML 4239 39.19 16.72 6034 46.66 47.20 42.08
JSON 5247 3146 1244 4751 4842 4036 38.78
GLM-4-32B-0414 LaTeX 41.51 4433 2585 55.04 5480 5223 45.63
SQL 46.62 4027 26.07 6254 4582 5238 45.62
XML 37.53 43.60 1959 42.65 44.81 43.80 38.66
CSvV 50.63 3598 18.53 68.01 5731 5542 47.65
Markdown 60.73 4827 26.76 60.45 42774 47.62 47.76
HTML 60.53 4939 2468 53.99 37.76 3556 43.65
JSON 62.23  45.67 2027 48.04 4270 4142 4339
Llama-3.1-70B-Instruct LaTeX 63.67 4527 2336 5586 3238 3259 42.19
SQL 60.41 47.69 28.63 58.19 30.07 30.12 4252
XML 59.13 4971 2147 5545 4255 46.55 4581
CSV 58.60 48.09 20.56 64.59 3358 38.12 4393
Markdown 6395 5090 30.13 28.51 37.29 28.12 39.82
HTML 60.98 3947 32.02 33.15 3741 2557 38.10
JSON 50.21 4321 3026 2431 3471 1635 33.18
Llama-3.3-70B-Instruct LaTeX 62.97 4841 28.18 39.16 4147 4351 4395
SQL 54.64 4248 2190 3694 30.10 2643 3541
XML 62.47 51.67 3248 2274 4271 27.04 39.85
CSV 61.26 5234 3301 5296 3460 3299 4453
Markdown 58.06 36.86 16.80 60.36 4436 50.55 44.50
HTML 61.50 40.15 1495 6238 5473 6097 49.11
JSON 62.27 3959 13.62 46.60 49.77 31.25 40.52
Qwen2.5-72B-Instruct LaTeX 54.63 41.06 18.63 45.17 4774 31.60 39.80
SQL 52.48 3444 12.10 5276 44.02 4549 40.22
XML 64.89 4541 1754 6221 56.16 60.71 51.15
CSv 5470 3421 2029 63.78 41.78 57.31 45.35
Markdown 5995 3835 1588 6642 46.15 59.12 47.64
HTML 5231 37.82 19.70 5899 46.11 52.59 44.59
JSON 37.86 27.50 9.37 49.14 4398 44.04 3531
Mistral-Large-Instruct-2411 LaTeX 57.51 3543 1431 63.86 4725 57.87 46.04
SQL 61.01 43.09 1595 6639 4729 5939 48.85
XML 44.01 4241 1253 5822 50.53 47.22 4249
CSV 6243 4043 1122 70.19 4406 59.39 4795
Markdown 68.71 58.70 31.18 63.70 49.62 59.73 55.27
HTML 7044 60.10 4034 59.16 5630 60.39 57.79
JSON 62.29 4892 28.80 4541 56.84 55.82 49.68
DeepSeek-V3 LaTeX 66.57 5854 30.76 63.46 54.16 58.75 5537
SQL 70.76  56.63 3646 64.48 5547 65.85 58.27
XML 70.24 5650 2691 60.97 47.08 6624 54.66
CSv 67.81 56.13 29.03 64.03 5345 60.07 55.09
Markdown 51.72 35.17 23.32 37.10 28.06 32.79 34.70
HTML 48.56 3390 20.15 33.07 2991 30.54 32.69
JSON 48.80 36.63 1428 2580 2541 2386 29.13
GPT-40-mini-2024-07-18 LaTex 50.36  30.44 1456 40.52 2623 3532 3291
SQL 5291 3727 2417 3635 29.16 30.17 35.01
XML 5191 43.82 2657 3922 3736 29.29 38.03
CSvV 4581 35.68 27.57 41.77 3148 4348 37.63
Markdown 71.77 64.86 27.85 4990 65.74 46.70 5447
HTML 72.15 65.65 36.80 4895 53.66 60.55 56.30
JSON 68.83 6292 3348 4382 67.01 5744 5558
Gemini-2.0-flash LaTeX 69.05 6440 31.32 4855 59.18 55.03 54.59
SQL 73.02 67.12 3922 4893 64.01 61.73 59.00
XML 74.18 6647 37.19 4475 57778 48.65 54.84
CSV 67.57 6295 3422 5422 68.01 6439 58.56
Markdown 69.70 61.60 33.04 6639 6695 6743 60.85
HTML 71.09 59.26 39.04 63.42 6091 62.16 59.31
JSON 6442 6509 3248 49.72 6499 61.13 56.31
GPT-40-2024-08-06 LaTex 67.89 5859 3626 65.12 6378 6526 59.49
SQL 75.54 60.60 34.08 67.61 6559 63.94 61.23
XML 7239  61.08 3547 6431 6061 69.90 60.63

11957



Model Format EM BCF FCM FR EKF INI Avg.
CSV 73.10 6178 39.76 6894 66.86 62.29 62.12
Markdown 68.78 5898 30.16 60.56 65.66 57.10 56.87
HTML 69.54 45.04 29.87 61.18 7049 6734 5724
JSON 70.02 39.67 3493 4048 7235 5145 5148
Claude-3.5-sonnet-20241022 LaTex 68.23 5795 3150 67.15 6489 6579 59.25
SQL 70.40 50.39 2224 6156 6248 6822 55.88
XML 69.11 3396 30.10 5544 64.65 5501 51.38
CSV 69.21 58.12 31.35 63.61 6624 6997 59.75
Reasoning Models
Markdown  1.23 089 0.00 6.77 1.72 1.67 2.05
HTML 0.81 0.00 0.00 625 0.98 0.00 1.34
JSON 0.00 0.00 0.00 9.38 0.00  0.88 1.71
Phi-4-mini-reasoning LaTeX 0.00  0.00 1.39 469 0.00 043 1.08
SQL 4.11 0.00 0.00 14.41 0.00 1.67 3.36
XML 0.00 0.00 0.00 7381 460 1250 4.15
CSV 1.22 1.65 0.00 5.21 0.06 1500 3.86
Markdown 2348 1594 0.00 2278 16.77 24.39 17.22
HTML 25.00 14.63 0.00 1076 595 1750 12.31
JSON 23.07 14.31 0.00 1233 1278 31.67 15.69
Qwen3-4B-thinking LaTeX 2597 822 370 2066 19.87 3333 18.62
SQL 33.16 1545 0.00 12.15 2544 2439 18.43
XML 29.78 1483 0.00 13.89 1530 2833 17.02
CSvV 33.74 1246  5.56 12.50 1548 20.67 16.74
Markdown  0.00 1.30  0.00 1094 12.07 0.00 4.05
HTML 0.00 0.00 0.00 6.25 5.17 0.00 1.90
JSON 0.00 044 0.00 1250 345 0.00 273
DeepSeek-R1-Distill-Qwen-7B LaTeX 1.22 0.30 0.00 15.63  3.56 0.00 3.45
SQL 122 0.00 000 1094 862 0.00 346
XML 0.00 0.00 0.79 17.01 1.72 0.00 3.26
CSV 0.00 3.13 068 469 7.16 0.00 2.6l
Markdown 25.85 35.01 6.86 39.58 33.66 2584 27.80
HTML 50.31 3635 2521 3412 3299 2532 34.05
JSON 37.83 3453 504 2222 3038 10.00 23.33
DeepSeek-R1-Distill-Llama-8B LaTeX 34.63 4125 1025 38.64 40.70 4894 3573
SQL 22.14 3845 1354 3426 38.12 20.16 27.78
XML 3224 3695 597 43.06 3823 31.64 31.35
CSV 36.83 35.12 16.05 31.94 2786 17.22 2751
Markdown 30.39 16.53 0.24 19.97 2037 23.06 18.42
HTML 29.78 1733 556 27.14 18.36 2639 20.76
JSON 28.72  24.85 1.27 1528 1696 23.83 18.49
Qwen3-8B-thinking LaTeX 2725 1277 0.00 23.09 18.30 37.78 19.86
SQL 2873 1944 0.00 2587 24.14 13.33 18.58
XML 27.74 2041 238 26.04 14.81 33.33 20.79
CSV 3222 1261 1.11 17.19 1644 35.00 19.09
Markdown 55.79 5896 20.57 4520 4124 4529 4451
HTML 30.14  43.15 8.82 29.72 3443 2793 29.03
JSON 3875 51.56 1025 37.33 4274 3693 36.26
GLM-Z1-9B-0414 LaTeX 54.86 54.66 14.52 44.10 51.11 2723 41.08
SQL 5598 4949 1943 51.15 47.52 3970 43.88
XML 3326 3953 0.87 3563 3852 3893 31.12
CSv 57.01 47.61 594 5450 4945 3020 40.78
Markdown 34.54 2290 0.00 4565 42.63 4561 31.89
HTML 38.19 2398 0.00 4479 2941 3139 27.96
JSON 3587 31.87 238 26,56 3080 29.44 26.15
Qwen3-14B-thinking LaTeX 3494 29.09 556 43.58 31.86 21.13 27.69
SQL 4232 2735 556 4792 30.68 3237 31.03
XML 39.58 32.09 7.94 4271 3029 30.50 30.52
CSv 31.79 2747 0.00 37.85 3241 33.17 27.11
Markdown 37.35 2480 556 35.06 2448 2361 25.14
HTML 26.79 1591 0.00 3142 22.86 38.61 22.60
JSON 2487 26.61 0.00 3042 19.80 30.00 21.95
Qwen3-30B-A3B-thinking LaTeX 31.32 21.05 0.00 32.12 2529 3750 2455
SQL 39.02 2532 556 32.64 2120 43.61 27.89
XML 37.46 26.05 0.00 3256 2499 43.06 27.35
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CSV 29.57 2071 556 2743 2441 26.67 2239
Markdown 61.88 5570 21.15 5494 64.12 54.81 52.10
HTML 58.56 55.00 1235 5458 5857 5649 49.26
JSON 4959 64.10 4.68 4446 5143 5233 4443
OwQ-32B LaTeX 60.30 6252 797 5591 6194 5775 51.07
SQL 56.21 5720 1441 56.53 59.86 54.60 49.80
XML 4920 55.11 550 50.15 5353 6253 46.00
CSV 6298 5755 1390 57.05 66.00 5649 5233
Markdown 63.19 55.10 16.00 63.87 60.95 53.19 52.05
HTML 60.93 5436 17.79 4491 62.68 62.00 50.44
JSON 49.83 5337 2298 4410 59.23 37.12 44.44
DeepSeek-R1-Distill-Qwen-32B LaTeX 5348 53.84 11.52 5777 6432 4223 47.19
SQL 58.14 51.89 18.60 56.13 5424 4733 47.72
XML 64.12 46.80 19.18 4948 56.03 5244 48.01
CSV 4998 49.06 12.62 61.28 5439 4184 44.86
Markdown 39.82 3273 0.00 47.09 32.60 4352 32.63
HTML 3374 2727 0.00 3559 3146 3650 2743
JSON 3150 25.14 238  25.00 3391 24.17 23.68
Qwen3-32B-thinking LaTeX 4424 30.11 0.00 41.67 2598 28.89 28.48
SQL 3565 2226 556 3733 3099 4856 30.06
XML 44.68 3049 000 47.15 30.13 4139 3231
CSV 43.66 2480 0.00 4583 3452 4095 31.63
Markdown 48.06 43.60 17.23 38.10 65.03 34.80 41.14
HTML 3838 50.37 998 3420 5245 4472 38.35
JSON 40.81 5926 2348 36.04 6252 4298 44.18
GLM-Z1-32B-0414 LaTeX 4777 6058 14.00 34.01 63.13 2771 41.20
SQL 49.77 4920 15.16 2934 55.12 30.84 38.24
XML 39.57 5158 1045 3727 5734 5272 4149
CSV 5147 4639 10.13 3281 5378 36.55 38.52
Markdown 54.16 5501 2696 67.79 4797 3926 48.52
HTML 5744 49.62 2365 60.74 58.01 37.25 47.79
JSON 67.24 5173 2974 44.62 56.70 44.68 49.12
DeepSeek-RI-Distill-Llama-70B LaTeX 56.50 56.03 14.67 46.09 5525 4427 4547
SQL 59.92 5094 1272 5021 5438 56.74 47.49
XML 6643 5679 2432 5822 5362 5038 51.63
CSV 60.14 59.60 17.80 59.84 5201 32.81 47.03
Markdown 72.02 88.63 3449 58.19 7343 76.64 67.23
HTML 70.17 88.02 3299 60.60 78.79 62.84 65.57
JSON 70.94 9021 3225 39.00 7223 66.08 61.79
DeepSeek-R1 LaTeX 7225 87.50 30.39 4891 6536 75.69 63.35
SQL 7494 85.07 3326 58.18 70.18 76.01 66.27
XML 71.84 89.57 3359 5487 7200 69.18 65.17
CSV 7124 9212 3133 56.10 6559 7534 65.29
Markdown 6693 77.86 2298 51.11 61.68 5149 55.34
HTML 67.78 71.43 2253 4920 66.53 63.16 56.77
JSON 64.94 70.68 33.09 46.77 6927 65.33 58.34
Gemini-2.0-flash-thinking-exp-01-21 LaTeX 68.00 76.86 26.80 5250 64.40 57.07 57.61
SQL 63.64 7323 2726 49.24 6628 51.81 55.24
XML 68.66 66.85 30.15 5215 52.15 6553 5592
CSV 69.75 7197 2543 5042 6290 56.51 56.16

Table 5: Full experimental results under the 32K length setting across 7 formats and 6 task types. Avg is the mean
score.
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Vanilla Models
Markdown 18.34  3.84 3.77 2.27 7.62 2332 9.86
HTML 1729 0.00 1543 4.76 1.98 4.33 7.30
JSON 2775 0.00 0.00 0.00 0.00 0.00 4.63
LLaMA-3.2-3B-Instruct LaTeX 19.90 0.51 15.06 7.14 1.25 6.31 8.36
SQL 23.23 1.81 7.96 0.00 13.03 1349 9.92
XML 8.10 0.42 8.64 4.76 4.79 6.37 5.51
CSV 23.65 247 15.02 2.27 10.63 1048 10.75
Markdown 19.31  3.03 9.04 2738 3177 8.6l 16.52
HTML 1491  0.89 0.62 29.65 2627 4.06 12.73
JSON 20.10 2.64 8.82 25.11 2552 10.54 15.46
Owen2.5-3B-Instruct LaTeX 17.21  0.00 7.50 38.52 18.06 4.44 14.29
SQL 21.05 0.95 8.16 29.84 28.61 1428 17.15
XML 16.15  0.00 5.07 29.55 2355 333 12.94
CSV 13.81 2.35 572 3393 27.14 562 1476
Markdown  27.91 0.00 377 41.18 16,57 2059 18.34
HTML 20.00  0.00 3.97 3355 17.03 10.00 14.09
JSON 23.75 0.00 2.93 19.21 2452 6.33 12.79
Phi-3-mini-128k-instruct LaTeX 33.65 0.00 440 3139 19.78 13.13 17.06
SQL 32.55  0.00 830 31.76 1946 12.67 17.46
XML 10.00  0.00 0.00 20.89 20.33 5.00 9.37
CSV 18.73  0.00 858 3593 1291 11.00 14.53
Markdown 29.54  4.52 1093 30.63 5095 11.59 15.53
HTML 16.53 1.67 212 21.10 2.38 3.33 7.86
JSON 2871  0.02 6.75 10.71 1342 8.03 11.27
Phi-4-mini-instruct LaTeX 32.88 1.82  10.68 2538 6.01 9.61 14.40
SQL 26.17  3.09 2.09 2825 873 12.03 13.39
XML 2458  0.04 2.19 17.53  6.79 3.33 9.08
CSV 2557 215 457 21.10 622 1031 11.65
Markdown 21.06  8.81 9.75 2692 6.03 1899 15.26
HTML 22.82  4.59 9.22 2587 7.30 8.73 13.09
JSON 1858 1549 832 2597 544 1429 14.68
Owen3-4B LaTeX 2845 7.72 457 36.15 8.07 9.93 15.82
SQL 1991 7.33 892 2754 294 9.23 12.65
XML 23.15 046 8.43 16.67 7.92 946 11.01
CSV 13.51 697 572 1277 8.04 7.37 9.06
Markdown  25.01 443 7.04 29.65 10.18 2650 17.14
HTML 26.52 7.53 9.45 15.18 16.60 3391 18.20
JSON 21.37  0.03 490 10.01 17.63 1333 11.21
Gemma-3-4B-it LaTeX 2399 448 6.85 1571 1232 3213 1592
SQL 23.52 4.80 9.02 2285 1190 2435 16.07
XML 20.75 1.67 2.88 11.09 11.53 9.56 9.58
CSV 2920  6.60 837 2501 13,55 1945 17.03
Markdown 37.75 10.80 15.17 2597 19.52 39.54 24.79
HTML 37.16 16.14 12.10 4.55 18.15 3095 19.84
JSON 40.18 14.00 1548 8.33 12.86  17.17 18.00
Llama-3.1-8B-Instruct LaTeX 3338 470 25.87 23.00 19.80 3694 2395
SQL 39.59 3.77 1729 24.68 1379 3859 22095
XML 41.85 2.96 10.89  3.57 18.32  46.04 20.61
CSV 37.16  8.29 16.63 30.19 1323 4948 25.83
Markdown 27.21 5.60 1227 49.68 28.68 24.16 24.60
HTML 25.64 1031 21.82 55.03 35.10 22.60 28.42
JSON 3142 1455 2449 4978 29.11 20.51 28.31
Qwen2.5-7B-Instruct LaTeX 39.77 429 2039 6255 2836 1595 28.55
SQL 3243 584 19.61 46.00 24.62 23.66 2536
XML 31.87 275 11.44 4740 39.72 29.62 27.13
CSV 3174  6.52 7.81 4740 20.69 2124 22.57
Markdown 46.59 10.78 2557 5998 1343 27.23 30.60
HTML 47.05 13.14 20.10 56.40 937 2458 28.44
JSON 4524 1947 2090 4196 2544 21.64 29.11
Owen2.5-7B-Instruct-1M LaTeX 48.14 10.00 23.60 53.84 11.89 26.84 29.05
SQL 48.22 20.00 22.13 46.81 1197 2949 29.77
XML 5147 280 11.77 4848 21.59 19.27 2590
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Model Format EM BCF FCM FR EKF INI Avg.
CSV 46.97 20.14 13.77 5127 2197 2437 29.75
Markdown 41.74  8.81 10.81 49.32 38.36 23.76 28.80
HTML 3745 1725 1222 39.18 30.07 19.16 25.89
JSON 3531 16.04 17.14 36.09 27.80 16.92 24.89
TableGPT2-7B LaTeX 3450 9.31 10.84 42.15 38.50 21.11 26.07
SQL 41.97 1627 995 3571 3421 2170 26.64
XML 33.48 3.69 14.07 42.15 3549 26.84 2595
CSV 32,55 447 9.82 4343 30.74 17.65 23.11
Markdown 12.64  1.53 1.04 19.53 10.00 2.94 7.95
HTML 4.17 1.25 0.00 0.00 1.43 2.67 1.59
JSON 11.11  0.00 3.70 2.38 1.43 4.33 3.83
TableLLM-Qwen2-7B LaTeX 11.22 028 0.00 1396 4.29 4.06 5.64
SQL 16.65 1.25 0.00 1596 2.86 2.67 6.56
XML 4.58 0.00 0.00 2.27 0.00 5.33 2.03
CSV 23.41 1.25 1.04 1396 8.57 1.10 8.22
Markdown 2542  0.00 2.43 7.03 8.57 8.00 8.58
HTML 14.17 1.67 2.78 8.82 1.43 7.00 5.98
JSON 19.17 1.67 2.78 9.42 4.29 5.00 7.05
TableLLM-Llama3.1-8B LaTeX 17.08 0.00 2.78 9.52 3.81 1033 7.25
SQL 2542  0.00 4.17 2.27 1.43 1033 7.27
XML 20.28 1.67 2.78 4.76 2.86 9.67 7.00
CSV 15.83 2.78 2.78 9.42 1.43 7.11 6.56
Markdown  0.00 0.00 0.00 0.00 0.00 0.00 0.00
HTML 0.00 0.00 0.00 0.00 0.00 0.00 0.00
JSON 0.00 0.00 0.00 0.00 0.00 0.00 0.00
TableLlama LaTeX 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SQL 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XML 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CSV 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Markdown 23.54  7.55 5.35 1567 5.71 15.01 12.14
HTML 7.50 1.67 0.69 2673 2.79 5.67 7.51
JSON 9.44 0.00 1.04 2040 6.59 1.89 6.56
Mistral-7B-Instruct-v0.3 LaTeX 17.61 541 5.70 16.96 9.94 9.13 10.79
SQL 18.44  6.09 6.56 1341 3.94 4.13 8.76
XML 2.00 0.00 1.59 1742 547 3.35 4.97
CSV 19.69 1070 894 11.60 9.09 1040 11.74
Markdown  0.00 0.06 0.00 0.00 0.00 0.00 0.01
HTML 0.00 0.00 0.00 0.00 0.00 0.00 0.00
JSON 0.00 0.00 0.00 2.27 0.00 0.00 0.38
Ministral-8B-Instruct-2410 LaTeX 0.00 0.10 0.00 0.00 0.00 0.00 0.02
SQL 1.82 0.15 0.00 0.00 0.48 0.30 0.46
XML 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CSV 3.33 0.00 0.00 4.55 0.06 0.00 1.32
Markdown 3129  7.87 998 5228 20.20 20.32 23.66
HTML 3497 496 836 4334 1554 2126 21.41
JSON 2728 1254 744 5276 1924 22.53 23.63
QOwen3-8B LaTeX 30.17  3.11 6.44 3890 19.18 22.11 19.99
SQL 29.70  6.59 1294 44.66 1536 1649 20.96
XML 29.81 0.00 9.85 36.23 13.05 1521 17.36
CSV 29.04 4.67 835 3474 18.67 1829 18.96
Markdown 3490 15.08 10.78 41.13 17.21 19.56 23.11
HTML 3943 17.63 1456 38.47 19.28 19.67 24.84
JSON 4830 16.69 1635 19.05 27.79 2020 24.73
GLM-4-9B-Chat LaTeX 39.60 16.63 14.16 33.13 1640 1997 23.31
SQL 41.30 1492 1531 4518 1599 20.20 25.48
XML 46.26 1424 1241 3490 23.55 22.04 25.57
CSV 3473 1644 8.68 4372 1540 18.80 2296
Markdown 39.86 1641 1199 4280 14.13 12.82 23.00
HTML 43.62 1560 1199 26.46 23.57 1581 22.84
JSON 4377 1417 1686 23.59 2098 16.04 22.57
GLM-4-9B-Chat-1M LaTeX 4312 1677 16.69 38.15 2429 24.09 27.18
SQL 4229 1425 11.66 3636 19.52 2222 24.38
XML 52.81 1487 936 31.60 2648 2543 26.76
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Model Format EM BCF FCM FR EKF INI Avg.
CSV 40.12 4.89 852 3850 1024 16.78 19.84
Markdown 20.34  9.22 10.78 13.85 15.08 14.16 13.90
HTML 19.34  3.00 4.89 9.09 426 15.81 9.40
JSON 22.83 042 4.13 0.00 11.56 13.51 8.74
GLM-4-9B-0414 LaTeX 23.57 491 8.01 10.39 11.09 17.55 12.59
SQL 23.74  2.50 8.29 1434  8.78 13.06 11.78
XML 22.14  0.00 3.51 6.82 3.89 7.38 7.29
CSV 20.35  7.21 831 2197 598 14.34  13.03
Markdown 42.12 1741 1922 4675 36.12 35.03 32.77
HTML 3954 17.89 19.88 30.71 30.72 25.07 27.30
JSON 3417 2.66 7.67 28773 2438 2098 19.77
Gemma-3-12B-it LaTeX 36.12  19.22 1991 4353 3136 32.18 30.38
SQL 36.30 19.40 21.57 48.43 31.18 3477 3194
XML 2558 5.29 531 24.68 20.53 15.07 16.08
CSV 41.64 13.01 17.74 4389 36.21 25.83 29.72
Markdown 13.28  4.62 0.61 3542 3829 840 16.77
HTML 15.87 1.84 231 3501 3381 6.72 1593
JSON 13.44 437 245 3371 39.17 1022 17.23
Mistral-Nemo-Instruct-2407 LaTeX 8.06 2.28 0.00 36.80 4250 6.78 16.07
SQL 5.48 4.69 0.61 3325 3444 450 13.83
XML 1344 1.89 3.17 3087 2250 11.00 13.81
CSV 7.83 8.66 457 2543 4243 537 15.72
Markdown 39.92 1557 1841 5638 33.61 4749 3523
HTML 38.69 9.08 2276 55.84 2659 1523 28.03
JSON 3690 13.06 18.78 46.13 2286 2322 26.82
QOwen?2.5-14B-Instruct LaTeX 4477  6.03 1992 6542 2281 28.82 31.29
SQL 4228 12.62 2491 50.38 28.23 26.16 30.76
XML 50.35 3.88 13.82 4791 1746 33.88 27.88
CSV 3933 939 2332 4751 3209 14.37 27.67
Markdown 61.74 2323 2585 75.65 28.46 39.00 42.32
HTML 6097 1323 17.65 7327 29.60 2333 36.34
JSON 5529 21.15 2342 4031 36.64 29.51 34.39
QOwen2.5-14B-Instruct-1M LaTeX 66.61 1778 26.05 70.29 3571 40.67 42.85
SQL 60.45 20.38 2575 70.18 26.62 4093 40.72
XML 63.79 2.85 13.86  57.41 3420 4336 35091
CSV 59.09 19.34 23.55 66.56 2843 4551 4041
Markdown 53.26 11.15 1947 6568 36.70 41.15 37.90
HTML 58.39 1292 18.04 57.64 34776 30.34 35.35
JSON 36.25 14.60 20.31 40.62 27.10 2231 26.87
QOwen3-14B LaTeX 52.07 14.11 2359 57.63 39.63 19.49 3442
SQL 60.26 1521 18.83 61.69 32.62 5095 39.93
XML 55.86  0.95 8.67 6190 38.96 43.00 34.89
CSV 5431 1571 1625 48.17 28.89 27.25 31.76
Markdown 64.11 2142 2233 4881 4143 4020 39.72
HTML 6293 2197 17.67 31.02 2993 39.72 33.87
JSON 53.79 10.67 2094 14.58 33.75 37.98 28.62
Mistral-Small-3.1-24B-Instruct-2503 LaTeX 60.74 2296 22.09 53.68 4238 4502 41.14
SQL 65.52 25.09 19.60 37.12 44.17 43.64 39.19
XML 53.18 5.28 13.39 2727 26.05 39.77 27.49
CSV 57.76  20.18 20.51 36.85 4234 3991 36.26
Markdown 41.00 2.31 1043 4740 3372 1743 25.38
HTML 4324 1.14 13.18 45.13 3498 33.58 28.54
JSON 3145 6.64 15.55 4740 28.67 18.82 24.76
Qwen3-30B-A3B LaTeX 4642 324 1416 5206 46.61 37.17 33.28
SQL 37.00 8.35 10.10 4740 3423 1644 2559
XML 35.03 0.00 1098 4573 3245 35.68 26.64
CSV 36.50 6.32  12.13  47.51 3959 19.02 26.84
Markdown 55.85 19.78 2839 57.25 42.19 52.09 42.59
HTML 4985 1740 1244 53.08 2432 4179 33.15
JSON 50.53 2025 21.86 30.52 41.64 48.05 3547
QOwen3-32B LaTeX 4178 13.60 23.85 49.73 3491 5299 36.14
SQL 4271 15.14 2473 56.66 31.69 51.28 37.04
XML 5248 246 1825 5427 3252 39.55 33.26
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CSV 54.09 2421 21.63 52.00 37.13 5041 3991
Markdown 3143  9.11 1048 62.18 39.99 1292 27.68
HTML 20.33  5.29 296 2473 1225 1125 12.80
JSON 20.51  2.60 562 1840 1524 6.78 11.53
GLM-4-32B-0414 LaTeX 29.24  9.89 1554 46.62 31.07 1549 24.64
SQL 2043 259 11.15 4488 2935 16.58 20.83
XML 2224 0.13 5.79 693 1021 7.16 8.74
CSV 3320 10.02 1295 5146 4342 1398 27.51
Markdown  71.81 19.14 3418 67.53 3947 5038 47.08
HTML 63.18 7.17 2097 5298 3293 4430 36.92
JSON 60.26 098 12.88 2478 31.24 33.12 2721
Llama-3.1-70B-Instruct LaTeX 70.66 17.68 3399 5032 25.18 49.58 41.24
SQL 66.22 1826 28.86 47.73 28.03 4820 39.55
XML 4558 3.88 13.14 3723 31.62 4190 28.89
CSV 59.31 1694 26.88 50.11 3549 5249 40.20
Markdown 6692 27.79 3559 3247 34.02 59.16 42.66
HTML 5291 511 1790 24.08 19.80 38.64 26.40
JSON 47.05 5.65 12.82 1337 1856 29.77 21.20
Llama-3.3-70B-Instruct LaTeX 71.06 10.14 3586 3496 3024 71.19 4224
SQL 66.44 2443 3520 3544 3024 60.03 41.96
XML 2275 332 1288 1385 1679 29.72 16.55
CSV 70.17 30.14 36.81 30.19 3328 60.98 43.60
Markdown 5738 24.87 2349 65.64 4436 4898 44.12
HTML 5538 16.81 2548 6634 3943 4534 41.46
JSON 4597 2721 2142 4042 4142 2656 33.83
Qwen2.5-72B-Instruct LaTeX 60.57 1835 2949 70.78 5539 45.65 46.71
SQL 56.02 17.42 28.64 66.68 5049 48.02 44.54
XML 46.87  3.81 1793 6585 38.09 49.19 36.96
CSV 60.03 20.89 26.74 7148 58.64 4842 47.70
Markdown 50.23 16.37 2041 39.61 19.52 40.07 31.03
HTML 40.59 251 10.05 3239 1671 3470 22.82
JSON 30.80 6.80 1632 13.77 2738 39.85 2249
Mistral-Large-Instruct-2411 LaTeX 5275 1234  21.82 5032 28.81 4445 35.08
SQL 48.04 21.12 1990 4134 2036 23.87 29.10
XML 2548 265 1336 1515 9.64 3229 1643
CSV 65.79 1591 20.56 37.82 2536 4428 3495
Markdown 7190 31.66 44.02 77.54 4742 5444 54.50
DeepSeek-V3 HTML 7244 2621 3850 77.44 3837 5349 51.07
JSON 70.66 2577 3445 30.52 4350 60.13 44.17
LaTex 71.63 30.68 39.18 70.40 4224 5254 51.11
SQL 76.16 31.89 41.72 75.05 3357 5128 51.61
XML 68.93 2677 22776 56.87 4472 56.78 46.14
CSV 68.82 2996 3582 68.13 4242 48.05 48.87
Markdown 48.83 2536 29.01 4995 33.03 41.05 37.87
HTML 50.63 2334 2692 45.08 33.63 37.99 36.27
JSON 55.09 2484 20.60 3252 30.81 4147 3422
GPT-40-mini-2024-07-18 LaTex 5041 2539 2533 4756 2745 4373 36.65
SQL 58.00 25.62 2854 5211 3399 40.03 39.72
XML 62.51 443 1497 4053 2881 30.57 30.30
CSV 50.60 21.44 2461 4497 2772 3570 34.17
Markdown 76.81 31.62 3539 5548 51.02 6121 51.92
HTML 76.67 39.10 3576 49.03 39.19 49.81 48.26
JSON 71.58 2879 31.66 53.57 4083 73.51 49.99
Gemini-2.0-flash LaTeX 76.90 30.66 27.75 5523 4120 49.85 4693
SQL 7496 3256 3235 5595 3861 59.73 49.03
XML 71.00 38.00 29.31 4746 4555 73.11 50.74
CSV 74.85 3424 31.80 5099 4530 63.82 50.17
Markdown  75.10 37.54 49.01 82.67 5274 70.76 61.30
HTML 69.31 3635 4231 77.82 5452 5423 5576
JSON 7426 3417 3260 4824 48.09 58.07 49.24
GPT-40-2024-08-06 LaTex 7378 39.56 43.67 86.63 5543 54.17 58.87
SQL 76.25 36.44 4352 7552 5529 52.04 56.51
XML 73.50 13.28 22.60 5734 5234 4546 44.09
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Model Format EM BCF FCM FR EKF INI Avg.
CSV 69.92 3473 4725 8346 52.14 54.00 56.92
Markdown 72.80 4225 36.25 86.74 64.00 5421 59.38
HTML 70.17 19.03 38.12 66.56 4575 54.15 48.96
JSON 63.64 1294 2554 30.57 39.82 4898 36.92
Claude-3.5-sonnet-20241022 LaTex 69.35 2250 30.08 62.07 4488 5149 46.73
SQL 70.87 25.15 21.25 73.16 3496 4325 44.77
XML 67.66 36.53 29.87 73.16 4470 5247 50.73
CSV 7131 13.66 30.80 70.78 49.88 50.89 47.89
Reasoning Models
Markdown 0.00 0.00 000 6.82 250 0.00 1.55
HTML 0.00 0.00 0.00 227 0.00 0.00 038
JSON 0.00 0.00 0.00 227 250  0.00 0.80
Phi-4-mini-reasoning LaTeX 0.00 0.00 000 4.17 0.00 0.00 0.69
SQL 0.00 0.00 0.00 1.79  0.00 0.00 0.30
XML 0.00 0.00 0.00 4.55 0.00 0.00 0.76
CSV 000 0.00 0.00 000 0.00 000 0.00
Markdown  26.11 0.00 3.70 16.23  5.60 8.78 10.07
HTML 20.00 000 231 2002 1643 1544 12.37
JSON 16.94 1.67 7.52 9.31 2548 3.61 10.75
Qwen3-4B-thinking LaTeX 3409 000 370 2695 1393 11.11 14.96
SQL 36.17 1.67 3,70 21.00 11.07 13.56 14.53
XML 26.11  1.67 579 2823 15.00 3089 17.95
CSvV 24.17 1.67 2.31 22.67  3.57 14.11 11.42
Markdown 0.00 0.00 000 6.82 250 0.00 1.55
HTML 0.00 0.00 0.00 0.00 0.00 0.00 0.00
JSON 0.00 0.00 0.00 227 0.00 0.00 038
DeepSeek-R1-Distill-Qwen-7B LaTeX 0.00 0.00 0.00 2.27 5.00 0.00 1.21
SQL 000 0.00 000 000 0.00 000 0.00
XML 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CSVv 0.00 0.00 0.00 227 250  0.00 0.80
Markdown 20.88 19.69 12.33 29.79 15.06 27.69 20.91
HTML 1025 5.15 2.16 3000 1893 836 1247
JSON 317  0.00 347 1374 10.00 2.33 5.45
DeepSeek-R1-Distill-Llama-8B LaTeX 26.81 1597 11.79 4345 26.67 14775 23.24
SQL 13.07 1524 6.63 3672 1143 9.14 1537
XML 250  0.00 093 24.17 17.14 0.00 746
CSV 20.57 1879 16.70 30.68 1857 7.59 18.82
Markdown 39.59  2.27 4.63 28.81 20.24 30.28 20.97
HTML 3444 048 496 36.63 17.02 15.07 18.10
JSON 2642 343 770 2496 11.07 15.11 14.78
Qwen3-8B-thinking LaTeX 2873 1.67 440 3517 18.81 18.67 1791
SQL 29.09  0.00 752 2744 1286 29.67 17.76
XML 3333  0.00 694 3972 2940 25.67 2251
CSV 38.61 1.67 1.39 21.59 1429 2833 17.65
Markdown 20.16  0.51 6.86 3831 27.00 10.11 17.16
HTML 2.78 2.11 3.01 4.55 8.10 4.44 4.16
JSON 1326 3.92 582 2830 2581 433 13.57
GLM-Z1-9B-0414 LaTeX 2233 221 12.52  38.31 3599 11.37 20.46
SQL 1736  6.75 10.62 30.68 31.23 7.61 17.38
XML 10.78  0.00 0.00 13.64  5.00 3.61 5.50
CSv 8.61 549 11.11 38.10 14.60 26.44 17.39
Markdown 58.62 398 1456 51.52 24.64 3692 31.71
HTML 44.87  4.08 9.03 5478 34.64 2028 27.95
JSON 4020 4.11  13.82 36.04 20.71 21.11 22.67
Qwen3-14B-thinking LaTeX 4359  1.18 16.18 6434 33.69 21.00 30.00
SQL 61.65 1.67 1194 5574 3452 34.83 33.39
XML 60.01 1.67 8.85 53.68 38.57 3251 3255
CSv 4598  0.00 8.61 5525 2833 3467 288l
Markdown 4529  0.00 7.87 3387 1774 19.83 20.77
HTML 36.67 1.11 4.17 4259 1560 13.33 1891
JSON 27.46 1.25 538 2695 20.00 20.78 16.97
Qwen3-30B-A3B-thinking LaTeX 3895 1.55 0.00 36.15 24.13 14.10 19.15
SQL 39.04 0.00 1042 38.13 22.14 16.67 21.07
XML 3459 0.00 5.09 3950 1571 18.00 18.82
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CSV 36.33  1.03 6.48 4280 2845 14.44 21.59
Markdown 5695 22.12 26.16 64.16 37.54 29.77 39.45
HTML 61.62 660 15.06 6575 4242 57.12 4143
JSON 4958 649 16.76 4575 41.07 2741 31.18
OwQ-32B LaTeX 5231 2547 25.19 66.13 2723 41.69 39.67
SQL 55.64 25.67 2228 6131 50.00 30.93 40.97
XML 5337 3.03 1225 61.11 3452 27.63 3198
CSV 46.20 30.68 18.22 5525 4024 2345 35.67
Markdown 38.16 17.72 10.84 40.53 56.77 44.00 34.67
HTML 1194 191 383 3777 3145 1856 17.58
JSON 14.17  0.67 3.08 1591 2898 21.10 13.99
DeepSeek-R1-Distill-Qwen-32B LaTeX 36.25 6.47 1331 3826 3898 4569 29.83
SQL 3260 825 898 4448 3560 4483 29.12
XML 14.17  1.26 1.67 1959 15.00 18.00 11.61
CSV 4177 1698 11.55 4697 52.63 5443 37.39
Markdown 58.06 3.44 1474 4991 3274 33.67 32.09
HTML 52.37  2.00 833 41.88 37.26 3233 29.03
JSON 41.87 333 13.73 28.14 19.88 18.00 20.82
Qwen3-32B-thinking LaTeX 5098 233 1539 5794 2345 19.78 2831
SQL 5740 1.67 1344 5298 21.67 35.67 3047
XML 57.01 000 1042 5584 3321 3344 31.65
CSV 51.87 0.67 1320 47.84 2929 3411 29.50
Markdown 3542 1255 2374 4237 38.05 19.28 28.57
HTML 2597 294 1141 2771 29775 13.19 18.49
JSON 27.83 10.04 1527 4226 3155 794 2248
GLM-Z1-32B-0414 LaTeX 3334 2450 2055 4594 4893 2286 32.69
SQL 3147 926 2203 3377 3814 2632 26.83
XML 27.51 478 1321 2695 2664 9.67 18.13
CSV 3320 993 18.07 36.53 3348 33.17 27.40
Markdown 4530 2452 1770 4253 4595 4837 37.40
HTML 3042 247 1092 3490 3488 3526 24.81
JSON 18.19 509 1431 1721 2429 2390 17.16
DeepSeek-RI-Distill-Llama-70B LaTeX 49.53 23.61 1944 5054 37.89 5937 40.06
SQL 5231 3298 17.52 4340 5079 61.28 43.05
XML 1250 0.73 194 1829 1250 16.67 10.44
CSV 53.77 30.46 17.05 42.05 3325 48.00 3743
Markdown 76.85 4831 3879 75.05 5045 4892 56.40
DeepSeek-RI HTML 75.05 4921 3998 67.02 5047 6583 57.93
JSON 61.89 4566 3440 45.17 44.17 51.15 47.07
LaTex 72.61 4448 36.83 5942 4998 47.14 51.74
SQL 7221 5397 39.06 6575 45.16 44.83 53.49
XML 71.05 41.02 19.53 5841 41.63 4497 46.10
CSV 69.67 4540 38.18 5931 4430 4458 50.24
Markdown 7335 3895 2693 5274 4199 3936 4555
HTML 76.63 3844 3359 5775 51.60 5458 52.10
JSON 72.09 3882 31.21 49.03 5558 59.76 51.08
Gemini-2.0-flash-thinking-exp-01-21 LaTeX 7648 3292 17.68 46.66 48.15 4836 45.04
SQL 7792 36.17 3631 60.61 4953 5201 52.09
XML 74.63 3239 3138 5775 4926 58.10 50.59
CSV 71.69 3471 2844 46.16 52.11 60.19 48.88

Table 6: Full experimental results under the 128K length setting across 7 formats and 6 task types. Avg is the mean
score.
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