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Abstract
Table Question Answering (TQA) aims to an-
swer natural language questions about tabular
data, often accompanied by additional contexts
such as text passages. The task spans diverse
settings, varying in table representation, ques-
tion/answer complexity, modality involved, and
domain. While recent advances in large lan-
guage models (LLMs) have led to substantial
progress in TQA, the field still lacks a system-
atic organization and understanding of task for-
mulations, core challenges, and methodolog-
ical trends, particularly in light of emerging
research directions such as reinforcement learn-
ing. This survey addresses this gap by provid-
ing a comprehensive and structured overview
of TQA research with a focus on LLM-based
methods. We provide a comprehensive catego-
rization of existing benchmarks and task setups.
We group current modeling strategies accord-
ing to the challenges they target, and analyze
their strengths and limitations. Furthermore,
we highlight underexplored but timely topics
that have not been systematically covered in
prior research. By unifying disparate research
threads and identifying open problems, our sur-
vey offers a consolidated foundation for the
TQA community, enabling a deeper understand-
ing of the state of the art and guiding future
developments in this rapidly evolving area.

1 Introduction

Tables are a ubiquitous data format in daily life
(Cafarella et al., 2008). Automatically processing
and understanding tabular data with (multi-modal)
large language models ((M)LLMs) has recently
attracted considerable attention from both industry
(Katsis et al., 2022; Su et al., 2024) and academia
(Pasupat and Liang, 2015; Wolff and Hulsebos,
2025), emerging as a prominent research direction.

Among the various tasks involving tables, includ-
ing table generation (Gulati and Roysdon, 2023)
and table-to-text (Parikh et al., 2020), table ques-
tion answering (TQA) stands out as one of the most
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Figure 1: Five table question answering task setups.①
Domain: Either the inputs need to be retrieved from
a data pool (open-domain) or directly given (closed-
domain). ② Table: Input tables can vary in structure,
numbers, and representations. ③ Additional Context:
Charts, images, and knowledge graphs can also be in-
volved as inputs. ④ Question Complexity: A question
can involve retrieving certain cells from a table or re-
quire reasoning and analysis to be solved. ⑤ Answer
Format: Answers can be in short text spans, consisting
only of numbers and entities, or in free-form natural
language, with no limitation on types and length.

widely studied (Wu et al., 2025d). The goal of TQA
is to answer questions based on tabular data, op-
tionally augmented with additional context such as
text passages or images. TQA can be instantiated
in diverse settings. As illustrated in Figure 1, the
input table may be provided directly or retrieved
from a large corpus; tables vary in format, size,
and structural complexity; and questions may tar-
get specific cells or require multi-step reasoning.
These variations reflect real-world applications and
necessitate different modeling strategies, driving
rapid growth in the field. This survey consolidates
resources and modeling approaches, and distills in-
sights into promising directions for future research.
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Domain
Open Chen et al. (2021a); Li et al. (2022); Kweon et al. (2023); Wang et al. (2025c)

Closed Pasupat and Liang (2015); Cheng et al. (2022); Zhou et al. (2024); Zhang et al. (2025h)

Modality

Table-Others
Li et al. (2022); Mathur et al. (2024); Titiya et al. (2025); Pramanick et al. (2024); Talmor
et al. (2021); Zhao et al. (2024a); Foroutan et al. (2025); Pramanick et al. (2024)

Table-Text Chen et al. (2020b, 2021a); Zhu et al. (2021); Chen et al. (2021b); Zhao et al. (2022)

Table Only Zhang et al. (2024a); Liu et al. (2024); Wang et al. (2024c); Zhou et al. (2025b)

Answer Format
Free-Form Nan et al. (2022); Su et al. (2024); Wu et al. (2025c); Li et al. (2025d); Wu et al. (2025b)

Short-Span Pasupat and Liang (2015); Iyyer et al. (2017); Chen et al. (2020a); Cheng et al. (2022)

Question
Complexity Reasoning Chen et al. (2021b); Zhu et al. (2021); Tian et al. (2026a); Wu et al. (2025c); He et al. (2024)

Retrieve Katsis et al. (2022); Liu et al. (2023a); Wang et al. (2025a)

Table

Number
Single Gu et al. (2025); Jin et al. (2025b); Chegini et al. (2025); Yu et al. (2025a)

Multiple Zhao et al. (2022); Pal et al. (2023); Zou et al. (2026); Qiu et al. (2024)

Structure
Hierarchical Cao et al. (2023); Zhang et al. (2024e); Li et al. (2025c)

Flat Liu et al. (2024); Nahid and Rafiei (2024b); Zhang et al. (2025a)

Representation

Image Zheng et al. (2024); Zhou et al. (2025a); Jiang et al. (2025b); Yang et al.
(2025a); Zhao et al. (2024b)

Text
Ye et al. (2023); Zhang et al. (2024d,a); Wang et al. (2024c); Su et al.
(2024); He et al. (2025); Zhou et al. (2025f)

Figure 2: A taxonomy of TQA task setups. We list representative papers for each setup.

Comparing with Existing Surveys. Most prior
surveys relevant to TQA focus solely on textual
tables (Dong et al., 2022; Jin et al., 2022; Zhang
et al., 2024c; Fang et al., 2024; Ren et al., 2025; Xu
et al., 2026a). Among those addressing both textual
and image tables, Wu et al. (2025d) concentrate on
table representations without discussing modeling
approaches, while Tian et al. (2026a) emphasize
agentic setups and overlook fine-tuning methods.
Crucially, no existing survey provides an overview
of TQA task setups or covers LLM-era advances
such as reinforcement learning, interpretability, and
novel evaluation paradigms (see detailed compar-
isons in Appendix A.1).

Scope. We include both TQA and table fact verifi-
cation (TFV), in which models must determine if a
given statement is valid based on tabular data. TFV
can be reformulated as TQA (Lu et al., 2023b). We
also incorporate Text-to-SQL datasets where appli-
cable, as SQL queries can produce final answers.
Our survey covers 277 papers published mostly af-
ter 2022, when LLMs were used. Details on the
collection and paper statistics are in Appendix A.2.

Structure. Section 2 outlines TQA task setups
and benchmarks. Section 3 presents modeling ap-
proaches grouped by challenge. Section 4 reviews
evaluation methodologies, and Section 5 discusses
emerging topics and future research directions.

2 Task Setups and Resources

We dissect TQA from five perspectives. These are
illustrated in Figure 2. Table 2 provides existing
TQA datasets categorized by the characteristics of
their task setups.

Table. Tables may appear as text or images, giv-
ing rise to two distinct task setups: those oper-
ating over textual tables (Zhang et al., 2024d,a;
Wang et al., 2024c; Su et al., 2024; He et al., 2025;
Zhou et al., 2025f) and those over table images
(Zheng et al., 2024; Zhou et al., 2025a; Jiang et al.,
2025b; Yang et al., 2025a; Zhao et al., 2024b). Be-
yond format, table structure and quantity further
shape task difficulty. Hierarchical tables (Cao et al.,
2023; Zhang et al., 2024e; Li et al., 2025c) pose
greater structural challenges than flat ones (Liu
et al., 2024; Nahid and Rafiei, 2024b; Zhang et al.,
2025a). Multi-table settings (Zhao et al., 2022;
Pal et al., 2023; Zou et al., 2026; Qiu et al., 2024)
additionally require understanding inter-table re-
lationships and handling longer inputs, compared
to single-table setups (Gu et al., 2025; Jin et al.,
2025b; Chegini et al., 2025; Yu et al., 2025a).

Question Complexity. TQA questions vary in
the capabilities they require. Following Zhou et al.
(2024), they can be divided into retrieval ques-
tions, solvable by locating relevant cells, and rea-
soning questions, which demand additional infer-
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Knowledge
Integration §3.5 Cheng et al. (2023); Liu et al. (2025a); Zhou et al. (2025e); Sui et al. (2024)

Data Hetero-
geneity §3.4

Hu et al. (2024); Zhao et al. (2024a); Liu et al. (2023b); Li et al. (2022); Chen et al. (2025c); Zhang et al.
(2025d); Dong et al. (2024)

Large Inputs §3.3
Multi Tables Kong et al. (2024); Liang et al. (2025)

Large Table Lin et al. (2023); Lee et al. (2024a,b); Kojima (2024); Patnaik et al. (2024)

Complex
Query §3.2

Tuning-Free Cheng et al. (2024); Zhang et al. (2024d); Lu et al. (2025a); Zhou et al. (2025e); Yu et al.
(2025b); Khoja et al. (2025); Cao and Liu (2026a); Chen et al. (2025b)

Tuning-Base Zhang et al. (2024a); Xing et al. (2025b); Deng and Mihalcea (2025); Zhang et al. (2025e);
Li et al. (2024); Zheng et al. (2025); Chegini et al. (2025)

Table Under-
standing §3.1

Textual
Chegini et al. (2025); Zhou et al. (2025f); Ye et al. (2025); He et al. (2025); Mouravieff
et al. (2025); Su et al. (2024)

Visual
Nguyen et al. (2023); Hormazábal Lagos et al. (2025); Zhao et al. (2024b); Zheng et al.
(2024); Zhou et al. (2025a); Jiang et al. (2025b); Yang et al. (2025a); Zhang et al. (2025c)

Figure 3: A taxonomy of methods categorized by challenges. We list representative papers for each challenge.

ence. Accordingly, TQA benchmarks range from
simple setups involving only retrieval (Katsis et al.,
2022; Liu et al., 2023a; Wang et al., 2025a) to
complex ones requiring numerical (Chen et al.,
2021b; Zhu et al., 2021; Lu et al., 2023a; Tian
et al., 2026a), commonsense (Zhang et al., 2023),
temporal (Gupta et al., 2023; Shankarampeta et al.,
2025) reasoning, data analysis and plotting (Wu
et al., 2025c; He et al., 2024). More recently, Shen
et al. (2025) introduce probabilistic TQA, requiring
models to reason under uncertainty.

Answer Formats. Most TQA setups feature
short span answers composed of a few words or
numbers (Pasupat and Liang, 2015; Iyyer et al.,
2017; Chen et al., 2020a; Cheng et al., 2022; Wu
et al., 2025a), which allow straightforward eval-
uation by exact match against reference answers.
Osés Grijalba et al. (2024) further categorize an-
swers by type (e.g., Boolean, numerical), finding
that Boolean questions tend to be the easiest. How-
ever, real-world queries often demand free-form
answers spanning multiple sentences, as in data
analysis tasks. This format is receiving growing
attention for its alignment with practical use cases
(Nan et al., 2022; Su et al., 2024; Wu et al., 2025c;
Li et al., 2025d; Wu et al., 2025b).

Modality. Beyond the standard table-question
setup (Zhang et al., 2024a; Liu et al., 2024; Wang
et al., 2024c; Zhou et al., 2025b), many works
introduce additional input modalities such as pas-
sages (Chen et al., 2020b, 2021a; Zhu et al., 2021;
Chen et al., 2021b; Zhao et al., 2022), images
(Li et al., 2022; Mathur et al., 2024; Titiya et al.,
2025; Pramanick et al., 2024; Talmor et al., 2021),
charts (Zhao et al., 2024a; Foroutan et al., 2025;

Pramanick et al., 2024), and knowledge graphs
(Christmann et al., 2024; Hu et al., 2024; Huang
et al., 2025a), better reflecting real-world settings
where tables co-occur with heterogeneous data.
Among these, the combination of tables and pas-
sages (table-text QA) is the most widely studied.

Domains. TQA can be divided into open-domain
(Chen et al., 2021a; Li et al., 2022; Kweon et al.,
2023; Strich et al., 2026) and closed-domain (Pa-
supat and Liang, 2015; Cheng et al., 2022; Zhou
et al., 2024; Zhang et al., 2025h) settings, depend-
ing on whether the relevant inputs are provided.
In open-domain TQA, a system must first retrieve
relevant tables, either textual (Chen et al., 2021a)
or image-based (Xu et al., 2026b), from a large
pool before reasoning over them, posing additional
challenges compared to the closed-domain setting
where target inputs are given directly.

3 Modeling

We categorize modeling methods based on the chal-
lenges they try to address. In addition, we also
analyze their strengths and limitations. Figure 3
provides an overview.

3.1 Table Understanding

Visual Table Modeling. Visual table understand-
ing requires comprehending both table content and
structure. A common approach is to parse table im-
ages into text using MLLMs (Nguyen et al., 2023;
Hormazábal Lagos et al., 2025; Si et al., 2025).
However, Xia et al. (2024) find that despite promis-
ing OCR performance on tabular data, MLLMs
still struggle with spatial and formatting recogni-
tion, particularly for large or structurally complex
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tables (Zheng et al., 2024; Bindini et al., 2025).
Another line of work focuses on pre-training

and/or fine-tuning MLLMs (Zhao et al., 2024b;
Zheng et al., 2024; Zhou et al., 2025a; Jiang et al.,
2025b; Yang et al., 2025a; Zhang et al., 2025c;
Yu et al., 2026). Training datasets of table im-
ages have been constructed from existing tabular
datasets (Zhao et al., 2024b), by converting textual
tables into images (Zheng et al., 2024; Zhou et al.,
2025a; Jiang et al., 2025b), or built from scratch
(Yang et al., 2025a; Zhang et al., 2025c).

In terms of training strategies, Zhu et al. (2026)
decouple structure learning from content ground-
ing during training. Kim et al. (2026) enhance
visual table encoding through progressive ques-
tion conditioning: injecting questions into vision
transformers, along with a pruning mechanism to
remove redundant background regions and a train-
ing recipe to mitigate the resulting information loss.
Reinforcement learning has also been shown to
improve performance in this setting (Kang et al.,
2025). In terms of model architecture, dual vision
encoders are employed to capture information at
different levels of granularity (Zhao et al., 2024b;
Zhou et al., 2025a), and Zhang et al. (2025c) train a
mixture-of-experts model to jointly capture layout
and semantic information.

Textual Table Modeling. Prior work has ex-
plored three main directions for table structure
understanding: table representations, architecture
modifications, and specialized training tasks. For
representation, tables have been modeled as rela-
tional databases or Pandas DataFrames, where op-
erations are expressed in code (Chegini et al., 2025;
Zhou et al., 2025f), or as spreadsheets with formula-
based operations (Cao et al., 2025; Wang et al.,
2025d). Compared to database and DataFrame for-
mats, which require a pre-defined schema, spread-
sheet representations offer greater flexibility. Re-
cent work improves the generalization of database
representations by providing a processing module
that converts a raw table into a SQL-ready table
(Najpande et al., 2026). Another approach mod-
els tables as graphs (Hu et al., 2020; Chen et al.,
2023; Huang et al., 2025b; Li et al., 2025b; Jin
et al., 2025a; Wang et al., 2026e), where nodes
represent cells and edges encode positional rela-
tionships, enabling explicit structural learning. For
instance, Jin et al. (2025a) model tables as hetero-
geneous graphs with four node types: TABLE nodes,
ROW nodes, Header nodes and Data nodes. Edges

are defined based on node relationships, such as
Table–Header. Tables have also been expressed as
natural language tuples (Zhao et al., 2023a; Yang
et al., 2025d) or trees (Wang et al., 2021; Cao et al.,
2026; Tang et al., 2025; Qu et al., 2026)

Some methods encode structure within the
model (He et al., 2025; Mouravieff et al., 2025;
Su et al., 2024). For instance, He et al. (2025) se-
rialize tables with special tokens and applies 2D
LoRA (Hu et al., 2022) to capture low-rank posi-
tional information, while Mouravieff et al. (2025)
design a sparse attention mask for tabular data.

Finally, task-specific objectives have been pro-
posed to enhance structural reasoning, such as lay-
out transformation inference (Jin et al., 2025b),
where models detect changes between original and
altered layouts, and cell position generation (Cho
et al., 2025), where models predict cell locations.

Discussion. Visual table understanding is gener-
ally more challenging than textual table understand-
ing (Deng et al., 2024; Zheng et al., 2024), possibly
because it requires additional content interpretation.
Notably, OCR-based pipelines do not outperform
models directly fine-tuned on table images (Zheng
et al., 2024). For details, see Appendix A.3. For
textual table understanding, the need to define a
fixed table schema may be a drawback for database
tables. When using more fine-grained textual repre-
sentations such as JSON or Markdown, there seems
to be no optimal format across datasets and models
(Zhang et al., 2024b).

3.2 Complex Query

Tuning-Based. Methods in this group fine-tune
(M)LLMs to improve reasoning over tabular data.
Diverse training datasets covering a wide range
of reasoning types are crucial for handling com-
plex queries, and are either collected from exist-
ing benchmarks (Zhang et al., 2024a; Xing et al.,
2025b; Deng and Mihalcea, 2025) or synthesized
(Zhang et al., 2025e; Li et al., 2024; Zheng et al.,
2025; Chegini et al., 2025). For instance, Zheng
et al. (2025) select training samples based on iden-
tified model weaknesses and progressively fine-
tune the model, while Chegini et al. (2025) distill
Python programs generated by large closed-source
models to train a smaller open-weight LLM. Com-
bining fine-tuned models with tools at inference
time has also been explored (Wu and Feng, 2024;
Mouravieff et al., 2024; Vinayagame et al., 2025),
and reinforcement learning can further boost per-
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formance (Nahid and Rafiei, 2024b; Zhou et al.,
2025b; Stoisser et al., 2025; Chi et al., 2025; Zhang
et al., 2026a; Jiang et al., 2026a; Li et al., 2026).

Rather than fine-tuning the policy model, some
work instead fine-tune a reward model that ranks
candidate solutions (Zou et al., 2025; Tang et al.,
2026). Specifically, a process reward model is
trained to score each intermediate reasoning step,
with step scores aggregated for solution ranking
and optionally used to guide next-step search. An
alternative use of training data is to extract reusable
experience from it (Gao et al., 2025), which can
then be retrieved and appended to test instances at
inference time.

Tuning-Free. In tuning-free approaches, agentic
workflows that integrate tools are widely adopted
to enable complex query handling and to reduce
hallucinations (Cheng et al., 2024; Zhang et al.,
2024d; Lu et al., 2025a; Zhou et al., 2025e; Yu
et al., 2025b; Khoja et al., 2025; Cao and Liu,
2026a; Chen et al., 2025b; Cao and Liu, 2026b).
These methods typically employ multi-step reason-
ing to decompose complex questions into simpler
sub-problems (Mao et al., 2026; Zhou et al., 2025e;
Ji et al., 2024; Zhang et al., 2025b; Deng et al.,
2025; Zhao et al., 2024c; Nguyen et al., 2025c;
Jiang et al., 2025a, 2026b). Some also incorporate
memory modules to store and reuse past reason-
ing experiences (Bai et al., 2025; Gu et al., 2025;
Cheng et al., 2026).

As for the tooling part, models generate and exe-
cute Python (Cao et al., 2023; Zhang et al., 2024e;
Yu et al., 2025b; Pyo et al., 2026) or SQL (Ab-
hyankar et al., 2025b; Nahid and Rafiei, 2024b;
Khoja et al., 2025; Thanga et al., 2025; Sui et al.,
2025) code to obtain reasoning results. To improve
code generation, error feedback can be provided to
the LLM as a revision signal (Cheng et al., 2024;
López Gude et al., 2025; Site et al., 2025). To al-
leviate the reliance on keyword matching inherent
in code-based approaches, Nguyen et al. (2025b)
propose a framework that leverages LLMs with
entity-oriented search. Other commonly used tools
include calculator (Zhu et al., 2024) and Wikipedia
search (Zhou et al., 2025e).

In terms of prompting strategies, agentic-flow
systems often adopt ReAct-style prompting (Zhou
et al., 2025e; Yu et al., 2025b; Bai et al., 2025;
Wang et al., 2026d). Zhang et al. (2025j) show that
prompting models to iterate over rows can reduce
hallucination, while Rajgaria et al. (2025) find that

no single prompting technique consistently outper-
forms others in TQA involving temporal reasoning.
Yu et al. (2025c) propose a self-evolving framework
for prompt optimization.

Verification modules have also been introduced
to check the correctness of intermediate reason-
ing (Wang et al., 2025b; Yu et al., 2025a; Luo
et al., 2026b; Hyeon et al., 2026; Tang et al.,
2026). For instance, Tang et al. (2026) train pro-
cess reward models to assess the correctness of
each reasoning step, and adopt Best-of-N selec-
tion to identify the final answer from multiple sam-
pled reasoning chains. Other similar methods in-
volving test-time scaling include self-consistency
(Liu et al., 2024) and uncertainty-aware sampling
(Cheng et al., 2026).

Discussion. Tuning-free methods require no
training data, but incur longer inference times and
higher token costs (Zhou et al., 2025b). In con-
trast, tuning-based approaches are more efficient
at inference but are prone to out-of-domain per-
formance degradation (Deng and Mihalcea, 2025;
Deng et al., 2026). Both methods demonstrate
state-of-the-art performance (Yang et al., 2025e;
Abhyankar et al., 2025c; Cao and Liu, 2026a), but
involve trade-offs. A promising intermediate strat-
egy might be to fine-tune models for general rea-
soning capabilities while delegating specific table
operations, such as retrieval, to tools (Wu and Feng,
2024; Zhu et al., 2024).

3.3 Large Inputs
The main challenge with large inputs is efficiently
identifying relevant information, as processing full
tables is often infeasible or ineffective. We review
methods for handling large and multiple tables.

Large Tables. A common approach is to fine-
tune retrievers to identify the most relevant cells
for a given question (Lin et al., 2023; Lee et al.,
2024a,b; Kojima, 2024; Patnaik et al., 2024). An-
other strategy leverages LLMs to select pertinent
table content or relevant headers (Ye et al., 2023;
Jiang et al., 2023, 2025c; Sui et al., 2024; Sun et al.,
2026). Some methods define atomic operations for
table manipulation (Wang et al., 2024a,c), while
others embed both queries and tables for seman-
tic matching (Sui et al., 2024; Yu et al., 2025b;
Shirafuji et al., 2025). A further line of work em-
ploys code generation to execute table-filtering op-
erations (Gemmell and Dalton, 2023; Zhou et al.,
2025c; Vyatkin and Oliseenko, 2025).
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Multiple Tables. LLMs can assist retrieval by en-
hancing table semantics. For instance, Liang et al.
(2025) augment table snippets with LLM-generated
questions to produce richer table representations.
LLMs can also directly facilitate retrieval. Kong
et al. (2024) generate SQL queries to identify rel-
evant tables. Rather than treating each table as an
independent document, Zou et al. (2026) represent
the table corpus as a hypergraph and select the most
relevant subgraph using a multi-stage coarse-to-fine
process. Similarly, Luo et al. (2026a) capture table
relationships using graphs. They design a question
decomposer and a coverage-aware retriever to iden-
tify relevant tables. Many works adopt dense pas-
sage retrieval (Karpukhin et al., 2020) or language
model embeddings to encode tables, passages, and
questions (Guan et al., 2024; Bardhan et al., 2024).

Discussion. Directly using LLMs to retrieve rel-
evant cells or tables can lead to information loss
(Zhou et al., 2025c). Fine-tuned sub-table retrievers
have shown effectiveness, but their generalizability
to diverse table formats remains limited. For both
scenarios, retrieval-augmented generation (RAG)
offers a viable alternative: tables or cells are em-
bedded into a vector database, and questions are
issued as queries (Chen et al., 2024).

3.4 Data Heterogeneity

To handle different modalities, existing methods
typically follow two directions: (1) employing spe-
cialized retrievers and reasoners (Li et al., 2022;
Zhao et al., 2024a; Hu et al., 2024; Liu et al.,
2023b), or (2) designing unified representations
(Dong et al., 2024; Chen et al., 2025c; Zhang et al.,
2025d; Park et al., 2025). In the first category,
Hu et al. (2024) use a multi-stage knowledge-graph
retriever, Zhao et al. (2024a) employ multi-agent re-
trieval from charts and tables, and Liu et al. (2023b)
generate image captions to capture salient visual
content; atomic retrieval functions can also target
both passages and tables (Shi et al., 2024; Zhou
et al., 2025e). In the second category, unified struc-
tures integrate heterogeneous sources: Chen et al.
(2025c) use DataFrames to jointly represent tabu-
lar and textual data, Zhang et al. (2025d) propose
Condition Graphs combining tables and knowl-
edge graphs, and Agarwal et al. (2025) build hy-
brid graphs from linked entities; tabular content
may also be summarized into text for downstream
tasks (Bardhan et al., 2024). For reasoning over
both tables and text, LLMs can align references

across modalities (Luo et al., 2023; Zhang et al.,
2025h; Sharafath et al., 2026) or be fine-tuned for
domain-specific reasoning, as in Zhu et al. (2024)’s
financial QA system, which processes both modal-
ities to produce multi-step reasoning chains com-
bining evidence extraction, logical or equation
formulation, and execution. In summary, which
method to choose depends on the modalities in-
volved. Constructing graphs is straightforward for
tables and text, whereas employing separate re-
trievers is preferable when modalities are harder to
unify, e.g., if information from charts and tables
needs to be combined.

3.5 Knowledge Integration

External knowledge is often required to answer
TQA problems. For example, a question in
DataBench (Osés Grijalba et al., 2024) asks: “What
is the total number of rebounds recorded in the
dataset where the ball didn’t change possession?”
Answering this question requires knowing that
OREB in the table header denotes offensive re-
bounds, a case where ball possession does not
change. To handle such cases, prior work has in-
tegrated external resources such as Wikipedia into
the reasoning process (Zhou et al., 2025e; Sui et al.,
2024). For instance, Zhou et al. (2025e) design an
atomic function Search (arg), which returns the first
few lines from the Wikipedia page of a specified
argument. The retrieved content is then stored in
the system’s memory for subsequent reference. An
alternative strategy is to elicit factual knowledge
directly from LLMs (Cheng et al., 2023; Liu et al.,
2025a). However, this approach is susceptible to
hallucinations, as LLMs may generate factually
incorrect information.

4 Evaluation

In this section, we discuss evaluation in terms of
task performance, system robustness, and model-
generated reasoning as explanations.

4.1 Task Performance

Current TQA evaluation primarily focuses on per-
formance, measured by automatic metrics such as
Exact Match (EM) and ROUGE. EM suits short,
span-based answers, whereas ROUGE, BLEU,
or F1 scores are better for free-form responses.
While efficient, these metrics often miss subtle
mismatches between predicted and gold answers
(Wolff and Hulsebos, 2025), e.g., EM may wrongly
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mark answers as incorrect due to formatting differ-
ences (Jan 1 vs. 01-01). To address such issues,
outputs are normalized to a canonical form before
applying EM (Khoja et al., 2025). This “relaxed
EM” improves robustness but can cause inconsis-
tencies, as systems may adopt different normal-
ization rules, leading to misleading cross-system
comparisons (Hormazábal Lagos et al., 2025).

Beyond traditional metrics, some studies employ
LLMs as judges (Wu and Feng, 2024; Zhou et al.,
2025e; Jiang et al., 2025b; Zhang et al., 2025f) or
use human evaluation (Zhao et al., 2024c; Ye et al.,
2025; Khoja et al., 2025). Rajgaria et al. (2025) pro-
pose the Hybrid Correctness Score, combining F1

with LLM judgments. Wolff and Hulsebos (2025)
show that, when calibrated with human annotations,
LLM-as-a-judge can offer a reliable evaluation sig-
nal for tasks requiring reasoning over tables.

4.2 Robustness Evaluation
Robustness to structural or content variations in
tables and questions is a key property of TQA sys-
tems (Yang et al., 2022; Bhandari et al., 2025).
Zhao et al. (2023b) present a benchmark for adver-
sarial attacks on table structure/content and ques-
tion perturbations, showing that state-of-the-art
models still struggle. Zhou et al. (2024) define
three robustness dimensions: (1) resilience to ta-
ble structure changes, (2) resistance to shortcut
exploitation, and (3) robustness in numerical rea-
soning. Their benchmark indicates that pipeline
models handle value and positional changes best,
whereas LLM-based models are more vulnerable
to table shuffling, a trend also observed in other
works (Ashury-Tahan et al., 2025; Liu et al., 2024;
Yang et al., 2022). Wolff and Hulsebos (2025) fur-
ther evaluate LLM robustness on real-world tables
with missing or duplicated values, underscoring the
need for robustness-oriented evaluation.

4.3 Evaluating Explanations and Reasoning
An underexplored aspect of TQA evaluation is
assessing explanations and reasoning processes.
Model-generated chains of thought (Wei et al.,
2022) are often treated as natural language expla-
nations (Zhao et al., 2024c; Zhou et al., 2025f; Lu
et al., 2025b), either elicited directly (Zhao et al.,
2024c; Zhou et al., 2025f) or derived from exe-
cutable program outputs (Lu et al., 2025b). Nguyen
et al. (2025a) represent explanations as chains of
attribution maps, showing intermediate relevant ta-
bles alongside reasoning steps, and propose three

evaluation tasks: (1) preference ranking, where
judges rank explanation quality; (2) forward simu-
lation, where judges answer using only the expla-
nation; and (3) verification, where judges assess
prediction correctness based on the explanation.
Both human annotators and LLMs serve as judges.
Zhou et al. (2025b) take a different approach, esti-
mating the probability of reaching the correct an-
swer from a reasoning step to quantify each step’s
contribution to the final outcome.

Discussion. Popular datasets like WTQ (Pasupat
and Liang, 2015) and TabFact (Chen et al., 2020a)
may suffer from data contamination (Zhou et al.,
2025d), leading to overly optimistic performance
estimates. Wang (2026) design a light-weight eval-
uation protocol taking the issues into considera-
tion. Beyond task performance, dimensions such
as robustness and reasoning correctness should be
systematically assessed to ensure the development
of trustworthy TQA systems.

5 Discussion and Future Directions

We discuss emerging topics for future exploration,
including table representation, multilinguality, re-
inforcement learning, multi-modal modeling, inter-
pretability and human-centric setups.

Table Representation. Tables appear in various
formats, including structured databases, plain text,
images, and graphs. When tables are stored in
databases, they can be directly queried using SQL.
Zhang et al. (2026c) find that modeling tables as
databases achieves better results than using LLMs
directly when tables feature clear schemas. How-
ever, tables in textual or image form are often
noisier due to inconsistent formatting (Zhou et al.,
2024), mixed data types (Nahid and Rafiei, 2024a),
missing values (Wolff and Hulsebos, 2025), and im-
plicit or incomplete schemas (Zheng et al., 2023),
posing challenges for building models that general-
ize to real-world noisy tables.

A growing line of work investigates leveraging
both textual and visual representations of tables
(Deng et al., 2024; Zhou et al., 2025d; Borisova
et al., 2025; Liu et al., 2025b; Xing et al., 2026),
capitalizing on the fact that one modality can of-
ten be converted to the other (e.g., image-to-text
via OCR, or text-to-image via HTML rendering).
However, most existing approaches adopt ensem-
ble strategies that select the optimal representation
based on specific problem features such as table
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size (Deng et al., 2024; Zhou et al., 2025d), which
lack flexibility when new features emerge or when
interactions among multiple features need to be
considered.

To overcome this limitation, some work instead
lets the model learn which modality to use (Liu
et al., 2025b; Xing et al., 2026). For instance,
Xing et al. (2026) train a gating network to se-
lect among text-based, vision-based, or fused rep-
resentations. An alternative approach is to pro-
cess textual and visual inputs through dedicated
encoders and integrate them within the model, a
strategy widely adopted in vision-language tasks
(Zhao et al., 2024b; Zhou et al., 2025a). Separate
encoders can capture complementary signals, such
as layout structure from images and semantic con-
tent from text, potentially leading to more robust
and generalizable representations.

Multilinguality and Low-Resource Settings.
Tables in real-world applications can be text-heavy
and may contain content in one or more languages,
as in user or product information tables. Neverthe-
less, most existing TQA datasets and studies focus
on English (Pasupat and Liang, 2015; Zhang et al.,
2023, 2024a) or other high-resource languages with
large speaker populations, such as Chinese (Zheng
et al., 2023; Liu et al., 2023a; Zhao et al., 2024a),
leaving low-resource and multilingual scenarios
underexplored. These settings introduce additional
challenges, including right-to-left text processing
for languages such as Persian and Hebrew, as well
as out-of-distribution lexical patterns for LLMs
predominantly trained on high-resource languages.
Although modern LLMs support multilingual pro-
cessing, directly applying them to low-resource
table reasoning tasks typically results in degraded
performance. For instance, Shu et al. (2025) con-
struct a multilingual table reasoning dataset and re-
port that LLMs achieve their highest performance
on Indo-European languages and their lowest on
Niger-Congo languages, likely reflecting dispari-
ties in pre-training data distribution. Their study
also finds that multilingual fine-tuning does not
consistently improve table question answering per-
formance. Translation-based approaches, which
convert tables from the target language into En-
glish prior to reasoning, are similarly limited, as
their effectiveness depends heavily on translation
quality (Zhang et al., 2025i).

Addressing table understanding and reasoning
in multilingual and low-resource contexts is both

practically important and ethically motivated: such
tasks arise frequently in real-world applications,
and equitable digital access requires robust perfor-
mance across languages. Recent efforts have be-
gun to introduce datasets tailored to these scenarios
(Minhas et al., 2022; Zhang et al., 2025i; Shu et al.,
2025), but the field remains nascent. We argue that
effective table reasoning systems for multilingual
and low-resource settings will require more than
translation pipelines and off-the-shelf LLMs, call-
ing for dedicated methods that explicitly address
the unique linguistic and resource constraints of
these environments.

Reinforcement Learning in TQA. Reinforce-
ment learning with verifiable rewards (RLVR)
has gained increasing attention due to its success
in developing reasoning-oriented models such as
DeepSeek-R1 (DeepSeek-AI et al., 2025). Recent
studies have also explored RLVR in TQA (Jin et al.,
2025b; Yang et al., 2025e; Jiang et al., 2025b; Lei
et al., 2025; Cao et al., 2025; Stoisser et al., 2025;
Liu et al., 2025b). Common rewards include an-
swer correctness (Yang et al., 2025e; Jiang et al.,
2025b; Stoisser et al., 2025; Liu et al., 2025b), pro-
gram executability (Jin et al., 2025b; Cao et al.,
2025), output formatting (Yang et al., 2025e; Jiang
et al., 2025b), positional alignment (Lei et al.,
2025), and length constraints (Jin et al., 2025b).
Jiang et al. (2026a) incorporate tool use into the
reward design and propose RAPO, a rank-aware
policy optimization algorithm that modifies GRPO
by removing KL divergence and employing token-
level policy gradients to improve training stability.

Beyond final outcome rewards, several studies
explore richer supervision signals. Zhou et al.
(2025b) propose a process supervision framework
and demonstrate that models trained with interme-
diate rewards outperform those trained on final re-
wards alone.Yang et al. (2025c) similarly use pro-
cess rewards to update policy models. Zhao et al.
(2026) employ Monte Carlo Tree Search to gener-
ate pseudo-gold trajectories for optimizing agents
with reinforcement learning. For table image un-
derstanding, Kang et al. (2025) apply continuous
Tree-Edit-Distance Similarity rewards to train mod-
els for recognizing table structures and contents.

RLVR has been shown to improve LLMs’ rea-
soning capabilities over tabular data. Compared
to supervised fine-tuning (SFT), RLVR-trained
models exhibit better generalizability (Yang et al.,
2025e; Cao et al., 2025) and greater robustness to
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row and column perturbations (Lei et al., 2025).
Nevertheless, initializing models with SFT prior to
RLVR training remains crucial for achieving strong
performance (Cao et al., 2025).

Diverse and Multi-Modal Data Modeling.
Many existing TQA studies focus on table-only
settings with relatively simple queries (Ye et al.,
2023; Ni et al., 2023; Nahid and Rafiei, 2024b;
Wang et al., 2024c; Liu et al., 2024; Zhou et al.,
2025c), a setup well-suited for evaluating LLMs’
ability to understand table structures. However, it
falls short in capturing more complex scenarios that
involve multiple modalities and open-domain set-
tings. An increasing body of work has recognized
these limitations and proposed more challenging
benchmarks (He et al., 2024; Qiu et al., 2024; Wu
et al., 2025a; Osés Grijalba et al., 2024; Wu et al.,
2025c,b; Zhu et al., 2025). Beyond information
retrieval and aggregation, real-world table interac-
tions are considerably more diverse. Queries can
be ambiguous (Grijalba et al., 2026), and users
also engage in tasks such as interpreting markup
tables (Wang et al., 2026c) and performing table
manipulations (Xing et al., 2025a). We argue that
future research should extend modeling to these
real-world scenarios.

Interpretability and Faithfulness. Instead of di-
rectly producing a final answer (Herzig et al., 2020;
Liu et al., 2022; Jiang et al., 2022; Zhang et al.,
2025f), an increasing number of TQA approaches
also return a reasoning process (Zhao et al., 2024c;
Chegini et al., 2025; Nguyen et al., 2025a). Such
reasoning not only improves system performance
but also provides human-understandable justifica-
tions for how an answer is derived. However, de-
spite appearing plausible, these explanations may
not faithfully represent the model’s actual decision-
making process (Turpin et al., 2023; Chen et al.,
2025a). Building trustworthy TQA systems is par-
ticularly important in high-stakes domains such as
medicine (Bardhan et al., 2022). Achieving this
requires that output reasoning accurately reflect a
model’s table understanding capabilities, e.g., faith-
fully responding with “I don’t know” when a table
is beyond the model’s ability to interpret. We argue
that much of the current work on interpretability in
TQA focuses on generating post-hoc justifications
for answers, rather than explanations that transpar-
ently reveal the underlying reasoning process.

A complementary direction involves probing the
internal mechanisms by which LLMs process tab-

ular data. Zhang et al. (2026b) find that LLMs go
through three stages when retrieving table cells:
semantic binding (aligning the query with table
headers), coordinate localization (navigating struc-
tural indices), and information extraction (retriev-
ing target values). During coordinate localization
in particular, models locate the target cell by count-
ing discrete delimiters. Wang et al. (2026b) extend
this line of inquiry from cell retrieval to general
TQA, analyzing model attention patterns during
question answering. They find that early layers
broadly encode table structure, middle layers local-
ize relevant cells, and later layers generate the final
answer.

Human-Centric and Socially-Aware Setups.
Current research in TQA has largely focused on
improving system performance, often overlooking
the role of human interaction. However, the ulti-
mate aim of such systems is to empower humans
to more effectively interact with tabular data, anal-
ogous to the broader goal of developing NLP sys-
tems for human and socially aware uses (Hovy and
Yang, 2021; Ziems et al., 2024; Yang et al., 2025b).
This highlights the importance of human-centric
and socially aware design. We identify two com-
plementary research directions: (1) human-centric
modeling, which emphasizes representations and
benchmarks that capture the unique characteris-
tics of tabular data (e.g., Hu et al., 2024; Ahmad
et al., 2025); and (2) socially grounded applica-
tions, where TQA systems serve downstream tasks
for social good, such as analyzing environmental
sustainability reports (Dimmelmeier et al., 2024;
Beck et al., 2025), advancing biomedical research
(Luo et al., 2022), and supporting decision-making
in financial domains (Strich et al., 2026; Malarkkan
et al., 2026).

6 Conclusion

In this survey, we have reviewed recent advances
in TQA with (M)LLMs, covering representative
TQA setups, key challenges, and corresponding
solutions, along with a discussion of promising
future research directions. Looking ahead, we en-
vision a stronger synergy between methods from
NLP and related fields, and anticipate that TQA
research, both in modeling and evaluation, will
increasingly adopt more comprehensive settings.
Such settings should account for diverse factors,
including human model interaction, system robust-
ness, and real-world applicability.
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Limitations

In this study, we present a survey on TQA with
LLMs. Related surveys are discussed in Appendix
A.1. Despite our best efforts, certain limitations
remain.

References and Methods. We collected papers
published before April 2026, which means that
works appearing after this time are not included.
The majority of papers were retrieved from venues
such as ACL, EMNLP, NAACL, NeurIPS, ICLR,
and arXiv, using English-language queries. This
approach may have led to the omission of works
published in other languages. Furthermore, due to
space constraints, we are unable to provide exhaus-
tive technical details for all methods covered in this
survey.

Survey Scope. This survey focuses exclusively
on table question answering. Our objective is to
provide a comprehensive and detailed overview of
the task’s characteristics, challenges, correspond-
ing modeling methods, as well as emerging top-
ics for future research. This focus excludes other
table-related tasks, such as table generation and
summarization.
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A Appendix

A.1 Comparing with Other Surveys

We compare our survey with recent work on table
question answering (TQA) in Table 1. TQA Setups
indicates whether a given survey proposes a TQA-
specific task taxonomy or discusses multiple task
setups within TQA. Input Modality specifies the
types of input modalities considered in TQA. Lan
denotes the languages of the benchmarks covered
in the survey, and Eval indicates whether evalua-
tion methodologies are discussed. RLVR and ITPT
refer to reinforcement learning with verifiable re-
wards and interpretability, respectively. As shown
in Table 1, our survey differs from prior work in the
following ways: (1) We provide a fine-grained dis-
cussion of diverse TQA task setups and the modal-
ities involved. (2) We include benchmarks cov-
ering languages beyond English. (3) We present
an up-to-date review of modeling approaches with

(M)LLMs and evaluation paradigms. (4) We dis-
cuss recent advances and emerging themes in the
era of LLMs.

A.2 Survey Scope

We clarify the scope of this survey and describe the
process used to collect the papers reviewed.

Tasks. This survey primarily focuses on TQA.
We also include table fact verification, as this task
can be readily reformulated into TQA. For example,
by appending a question such as “Is the statement
true or false?” to the statement being validated.
Another related task is text-to-SQL, for which we
mainly discuss relevant datasets, since they can also
serve as benchmarks for TQA. We further consider
SQL generation as an approach to solving TQA,
but we do not provide a detailed review of methods
specifically targeting SQL generation. Tasks that
are not explicitly covered in this survey include
table prediction, table generation, and table sum-
marization, as these differ from TQA in terms of
problem formulation and objectives.

Models. Given our focus on TQA in the era of
LLMs, we primarily include work that leverages
these models. For modeling papers, we restrict our
collection to works published after 2022, as earlier
studies are comprehensively reviewed in the survey
by Jin et al. (2022).

Paper Collection. We search for papers using
the keywords table/tabular reasoning, table/tabular
question answering, and table/tabular understand-
ing on both arXiv and the ACL Anthology. We
include works published up to April 1st, 2026 and
expand the collection by identifying relevant papers
cited in the related work sections of the retrieved
publications. In total, we compile a corpus of 277
papers. Figure 4 presents the distribution of papers
by year and theme, illustrating a clear upward trend
in research on table question answering.

A.3 Method Comparison

Figure 5 compares the performance of (multi-
modal) large language models ((M)LLMs)) in tex-
tual and image-based table understanding. The re-
sults are drawn from Deng et al. (2024) and Zheng
et al. (2024).

A.4 TQA Datasets

Table 2 shows existing TQA datasets, categorized
by features introduced in Section 2. Licenses are

12185

https://doi.org/10.1145/3677052.3698685
https://doi.org/10.18653/v1/2025.emnlp-main.363
https://doi.org/10.18653/v1/2025.emnlp-main.363
https://doi.org/10.18653/v1/2025.emnlp-main.363
https://arxiv.org/abs/2602.03491
https://arxiv.org/abs/2602.03491
https://arxiv.org/abs/2602.03491
https://doi.org/10.1162/coli_a_00502
https://doi.org/10.1162/coli_a_00502
https://doi.org/10.1162/coli_a_00502
https://openreview.net/forum?id=LUW0zHCE2W
https://openreview.net/forum?id=LUW0zHCE2W
https://arxiv.org/abs/2510.06217
https://arxiv.org/abs/2510.06217


Survey Publication
Year

TQA
Setups

Input
Modality Lan Modeling

with LLMs Eval RLVR ITPT Summary

Dong et al. (2022) 2022 ✗ text en ✗ ✗ ✗ ✗ table-pretraining
Jin et al. (2022) 2022 ✓ text en ✗ ✗ ✗ ✗ benchmarks & pre-LLM modeling
Zhang et al. (2025g) 2024 ✗ text en ✓ ✗ ✗ ✗ LLM-based modeling
Fang et al. (2024) 2024 ✗ text en ✓ p ✗ ✓ table prediction, generation and understanding
Lu et al. (2024) 2024 ✗ text, image en ✓ p,r ✗ ✗ tasks discussed via a data lifecycle aspect
Wu et al. (2025d) 2025 ✗ text, image en ✗ p,r ✗ ✗ table representations and tasks
Tian et al. (2026a) 2025 ✗ text, image en ✓ p,r ✗ ✗ LLM agents
Ren et al. (2025) 2025 ✗ text en ✓ ✗ ✗ ✗ general table modeling with deep learning
Xu et al. (2026a) 2026 ✗ text, image en ✓ p ✓ ✓ TQA from semantic parsing to PLM and to LLM

Ours 2026 ✓ text, image, KB various ✓ p,r,e ✓ ✓
fine-grained TQA task taxonomy,
up-to-date modeling and discussion

Table 1: Comparing this work with recent surveys pertinent to table question answering from various perspectives.
TQA Setups: if a fine-grained TQA task taxonomy is given. Lan: language of sourced benchmarks. Eval: Evaluation
discussions. p,r,e stands for performance, robustness and explanation, respectively. RLVR: reinforcement learning
with verifiable reward. ITPT: interpretability.
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Figure 4: Statistics of the collected paper. We show
the number of collected paper by year as well as the
distribution of different types of paper.
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Figure 5: Performance of (M)LLMs in textual and
image-based table understanding. FT-Model denotes
fine-tuned models, specifically TableLlaVA-7B (Zheng
et al., 2024) and TableLlaMA-7B (Zhang et al., 2024a).
OCR refers to configurations in which image tables are
first converted to text via optical character recognition
(OCR) and then processed using TableLlaMA-7B.

subject to each individual dataset. Please refer to
the original datasets for more information.
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Table 2: Existing TQA Datasets. MC denotes multiple-choice. ret and rea refer to retrieval and reasoning,
respectively. LAN indicates the language of the dataset. Q and T represent question and table, respectively. The
value both in the table suggests that the dataset contains both single and multiple tables, or includes both flat and
hierarchical tables.DB stands for database.

Datasets Source/
Domain

Open
domain

Answer
format Reasoning LAN Size table features additional inputs

#Q #T Single Flat Format text image chart KB

WTQ
(Pasupat and Liang, 2015) Wikipedia ✗ spans ret, rea EN 22k 2.1k ✓ ✓ text ✗ ✗ ✗ ✗

SQA
(Iyyer et al., 2017) WTQ ✗ spans ret, rea EN 17k ✓ ✓ text ✗ ✗ ✗ ✗

TabMCQ
(Jauhar et al., 2016) science exam ✗ MC EN 9k 68 ✓ ✓ text ✗ ✗ ✗ ✗

TabFact
(Chen et al., 2020a) Wikipedia ✗ MC ret, rea EN 118k 16k ✓ ✓ text ✗ ✗ ✗ ✗

WikiSQL
(Zhong et al., 2017) Wikipedia ✗ SQL ret, rea EN 80k 26k ✓ ✓ text ✗ ✗ ✗ ✗

Spider
(Yu et al., 2018)

WikiSQL,
Internet ✗ SQL ret, rea EN 10k 200 both ✓ DB ✗ ✗ ✗ ✗

INFOTABS
(Gupta et al., 2020) Wikipedia ✗ MC ret, rea EN 23k 2.5k ✓ ✓ text ✗ ✗ ✗ ✗

KaggleDBQA
(Lee et al., 2021) Kaggle ✗ SQL ret,rea EN 272 8 both ✓ DB ✗ ✗ ✗ ✗

HiTab
(Cheng et al., 2022)

statistical
report ✗ spans ret, rea EN 10k 3.6k ✓ ✗ text ✗ ✗ ✗ ✗

AIT-QA
(Katsis et al., 2022) airline ✗ spans ret EN 515 116 ✓ both text ✗ ✗ ✗ ✗

FeTaQA
(Nan et al., 2022) ToTTo ✗ free-form ret, rea EN 10k 10k ✓ ✓ text ✗ ✗ ✗ ✗

TabMWP
(Lu et al., 2023a) websites ✗ MC, spans numerical EN 38k 37k ✓ ✓

text,
image ✗ ✗ ✗ ✗

XINFOTABS
(Minhas et al., 2022) INFOTABS ✗ MC ret, rea MLT 23k 2.5k ✓ ✓ text ✗ ✗ ✗ ✗

EI-INFOTABS
(Agarwal et al., 2022) INFOTABS ✗ MC ret, rea HI 23k 2.5k ✓ ✓ text ✗ ✗ ✗ ✗

KorWikiTQ
(Jun et al., 2022) Wikipedia ✗ spans ret, rea KO 70k ✓ ✓ text ✗ ✗ ✗ ✗

TempTabTQA
(Gupta et al., 2023) Wikipedia ✗ spans temporal EN 11k 1.2k ✓ ✓ text ✗ ✗ ✗ ✗

RobuT
(Zhao et al., 2023b)

WTQ, SQA,
WikiSQL ✗ spans robustness EN 143k ✓ ✓ text ✗ ✗ ✗ ✗

IM-TQA
(Zheng et al., 2023) reports ✗ spans ret,rea ZH 5k 1.2k ✓ ✗ text ✗ ✗ ✗ ✗

Text2Analysis
(He et al., 2024) ✗ code ret,rea EN 2.2k 347 ✓ ✓ text ✗ ✗ ✗ ✗

SciTab
(Lu et al., 2023b) SciGen ✗ MC ret,rea EN 1.2k ✓ ✓ text ✗ ✗ ✗ ✗

CRT
(Zhang et al., 2023) TabFact ✗ spans ret,rea EN 728 423 ✓ ✓ text ✗ ✗ ✗ ✗

Tab-CQA
(Liu et al., 2023a) reports ✗ spans ret ZH 10k 7k ✓ text ✗ ✗ ✗ ✗

BIRD
(Li et al., 2023) internet ✗ SQL ret,rea EN 12.7k 95 both ✓ DB ✗ ✗ ✗ ✗

LF-TQA
(Wang et al., 2024b)

FeTAQA,
QTSUMM ✗ free-form ret,rea EN 2.9k ✓ ✓ text ✗ ✗ ✗ ✗

Indic-TQA
(Pal et al., 2024) Wikipedia ✗ spans ret,rea BN,Hi 2m 21k ✓ ✓ text ✗ ✗ ✗ ✗

TableBench
(Wu et al., 2025c)

existing
datasets ✗

spans,
free-form ret,rea EN 20k 3.6k ✓ ✓ text ✗ ✗ ✗ ✗

Databench
(Osés Grijalba et al., 2024) internet ✗ spans ret,rea EN 1.8k 65 ✓ ✓ DB ✗ ✗ ✗ ✗

DACO
(Wu et al., 2024)

Spider,
Kaggle ✗ free-form ret,rea EN 1.9k 440 ✗ ✓ DB ✗ ✗ ✗ ✗

TabIS
(Pang et al., 2024)

ToTTo
HiTab ✗ MC ret,rea EN 61k ✓ ✓ DB ✗ ✗ ✗ ✗

FREB-TQA
(Zhou et al., 2024)

existing
datasets ✗ spans robustness EN 8.5k ✓ ✓ DB ✗ ✗ ✗ ✗

RealTabBench
(Su et al., 2024)

existing
datasets ✗ free-form robustness EN,ZH 6k 360 ✓ both csv ✗ ✗ ✗ ✗
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Datasets Source/
Domain

Open
domain

Answer
format Reasoning LAN Size table features additional inputs

#Q #T Single Flat Format text image chart KB

TabularMath
(Tian et al., 2026b) GSM8K ✗ number ret,rea EN 6.7k 3.3k ✓ ✓

text
image ✗ ✗ ✗ ✗

NIAT
(Wang et al., 2025a)

WTQ, HiTab
AIT-QA ✗ spans ret EN 287k 750 ✓ both text ✗ ✗ ✗ ✗

HCT-QA
(Ahmad et al., 2025) internet ✗ spans ret,rea EN,AR 77k 6.7k ✓ ✗

text
image ✗ ✗ ✗ ✗

TableEval
(Zhu et al., 2025) reports ✗ spans ret,rea EN,ZH 2.3k 617 ✓ both csv ✗ ✗ ✗ ✗

SciAtomicBench
(Zhang et al., 2025k)

PubTables
MatSciTable ✗ MC ret,rea EN 2.5k ✓ both text ✗ ✗ ✗ ✗

AraTable
(Alshaikh et al., 2025) Internet ✗ spans ret,rea AR 615 41 ✓ ✓ text ✗ ✗ ✗ ✗

RealHiTBench
(Wu et al., 2025b)

online
platforms ✗ free-form ret,rea EN 3.7k 708 both ✗

text
image ✗ ✗ ✗ ✗

TReB
(Li et al., 2025a)

existing
datasets ✗ free-form ret,rea EN,ZH 7.8k ✓ both text ✗ ✗ ✗ ✗

M3TQA
(Shu et al., 2025) reports ✗ spans ret,rea MLT 46k 50 ✓ both text ✗ ✗ ✗ ✗

TableDreamer
(Zheng et al., 2025) synthesized ✗ free-form ret,rea EN 27k ✓ ✓ text ✗ ✗ ✗ ✗

RUST-BENCH
(Abhyankar et al., 2025a)

NSF,
Sportsett ✗ spans ret,rea EN 7.9k 2k ✓ ✓ text ✗ ✗ ✗ ✗

SciTaRC
(Wang et al., 2026a) arXiv ✗ free–form ret,rea EN 370k 3.7k ✓ both LaTex ✗ ✗ ✗ ✗

MMQA
(Wu et al., 2025a) Spider ✗ spans ret,rea EN 3.3k 3.3k ✗ ✓ DB ✗ ✗ ✗ ✗

MultiTableQA
(Zou et al., 2026)

existing
datasets ✗ spans ret,rea EN 23k 57k ✗ ✓ text ✓ ✗ ✗ ✗

TRANSIENTTABLES
(Shankarampeta et al., 2025) Wikipedia ✗ spans temporal EN 3.9k 14k ✗ ✓ text ✗ ✗ ✗ ✗

MiMoTable
(Li et al., 2025d) internet ✗ free-form ret,rea EN,ZH 1.7k 428 both both csv ✗ ✗ ✗ ✗

TQA-Bench
(Qiu et al., 2024)

world-Bank
BIRD ✗ MC ret,rea EN 56k 10 ✗ ✓ DB ✗ ✗ ✗ ✗

ReasonTabQA
(Pan et al., 2026) Internet ✗ spans ret,rea EN,ZH 5.5k 1.9k ✗ ✗ text ✗ ✗ ✗ ✗

ComTQA
(Zhao et al., 2024b)

FinTabNet
PubTab1M D ✗ spans ret,rea EN 9k 1.5k ✓ both image ✗ ✗ ✗ ✗

MMTab
(Zheng et al., 2024)

existing
datasets ✗ spans ret,rea EN 49k 23k ✓ both image ✗ ✗ ✗ ✗

MTabVQA
(Singh et al., 2025)

existing
datasets ✗ spans ret,rea EN 3.7k 8.5k ✗ ✓ image ✗ ✗ ✗ ✗

MMSci
(Yang et al., 2025a) SciGen ✗ spans ret,rea EN 15k 52k ✓ ✓ image ✗ ✗ ✗ ✗

TabComp
(Gautam et al., 2025) DocVQA ✗ free-form ret,rea EN 30k 10k ✓ both image ✗ ✗ ✗ ✗

TableVQA-Bench
(Kim et al., 2024)

WTQ, TabFact
FinTabNet ✗ spans ret,rea EN 1.5k 894k ✓ ✓ image ✗ ✗ ✗ ✗

TABLET
(Alonso et al., 2026)

existing
datasets ✗ spans ret,rea EN 4000k 2000k ✓ both image ✗ ✗ ✗ ✗

MMFCTUB
(Yakun et al., 2026) synthesized ✗ MC ret,rea EN 25k 19k ✓ ✓ image ✗ ✗ ✗ ✗

Visual-TableQA
(Lompo and Haraoui, 2025) synthesized ✗ free-form ret,rea EN 6k 2.5k ✓ both image ✗ ✗ ✗ ✗

CoReTab
(Nguyen and Okatani, 2026) MMTab ✗ spans ret,rea EN 115k ✓ both image ✗ ✗ ✗ ✗

OTT-QA
(Chen et al., 2021a) Wikipedia ✓ spans ret,rea EN 45k ✓ text ✓ ✗ ✗ ✗

TANQ
(Akhtar et al., 2024)

QAMPARI
Wikipedia ✓ table ret,rea EN 43k ✓ text ✓ ✗ ✗ ✗

RETQA
(Wang et al., 2025c)

QAMPARI
Wikipedia ✓ free-form ret,rea ZH 20k 4.9k ✓ DB ✓ ✗ ✗ ✗

Open-WikiTable
(Kweon et al., 2023)

WTQ
WikiSQL ✓ spans ret,rea EN 67k 24k ✓ text ✗ ✗ ✗ ✗
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Datasets Source/
Domain

Open
domain

Answer
format Reasoning LAN Size table features additional inputs

#Q #T Single Flat Format text image chart KB

CompMix
(Christmann et al., 2024) CONVMIX ✓ spans ret,rea EN 9.4k ✓ ✓ text ✓ ✗ ✗ ✓

T 2-RAGBench
(Strich et al., 2026)

existing
datasets ✓ spans ret,rea EN 32k text ✓ ✗ ✗ ✗

MMCoQA
(Li et al., 2022) MMQA ✓ spans ret,rea EN 5.7k 10k text ✓ ✓ ✗ ✗

MMTBENCH
(Titiya et al., 2025) Internet ✗ spans ret,rea EN 4k 500 ✓ both csv

image ✗ ✓ ✓ ✗

KET-QA
(Hu et al., 2024) HybridTQA ✗ spans ret,rea EN 9.4k 5.7k ✓ ✓ text ✗ ✗ ✗ ✓

CT2C-QA
(Zhao et al., 2024a) reports ✗ spans ret,rea ZH 9.9k 369 html ✓ ✗ ✓ ✗

mmtabqa
(Mathur et al., 2024)

existing
datasets ✗ spans ret,rea EN 69k 259 ✓ ✓ text ✗ ✓ ✗ ✗

StructFact
(Huang et al., 2025a)

existing
datasets ✗ MC ret,rea EN 13k ✓ ✓ text ✓ ✗ ✗ ✓

WikiMixQA
(Foroutan et al., 2025) WTabHTML ✗ MC ret,rea EN 1k both ✓ html ✓ ✓ ✓ ✗

SPIQA
(Pramanick et al., 2024) arXiv ✗ free-form ret,rea EN 270k 117k both both image ✓ ✓ ✓ ✗

MMQA
(Talmor et al., 2021) Wikipedia ✗ spans ret,rea EN 30k ✓ ✓ text ✓ ✓ ✗ ✗

SciTabQA
(Ghosh et al., 2024) SciGen ✗ spans ret,rea EN,AR 822 198 ✓ ✓ text ✓ ✗ ✗ ✗

MULTITAT
(Zhang et al., 2025i)

existing
datasets ✗ spans ret,rea MLT 250 ✓ ✓ text ✓ ✗ ✗ ✗

SciTAT
(Zhang et al., 2025h) arXiv ✗

spans
free-form ret,rea EN 13k ✓ ✓ text ✓ ✗ ✗ ✗

PACIFIC
(Deng et al., 2022) TATQA ✗ spans ret,rea EN 19k ✓ ✓ text ✓ ✗ ✗ ✗

TAT-QA
(Zhu et al., 2021) reports ✗ spans ret,rea EN 16k ✓ ✓ text ✓ ✗ ✗ ✗

GeoTSQA
(Li et al., 2021) exams ✗ MC ret,rea ZH 1k ✗ text ✓ ✗ ✗ ✗

HybridQA
(Chen et al., 2020b) Wikipedia ✗ spans ret EN 70k 13k ✓ ✓ text ✓ ✗ ✗ ✗

FinQA
(Chen et al., 2021b) reports ✗ spans ret,rea EN 8k ✓ ✓ text ✓ ✗ ✗ ✗

MultiHiertt
(Zhao et al., 2022) FinTabNet ✗ spans ret,rea EN 10k ✗ ✗ text ✓ ✗ ✗ ✗

SPARTA
(Park et al., 2026) ROTOWIRE ✗ spans ret,rea EN 3.3k ✗ ✓ DB ✓ ✗ ✗ ✗
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