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Abstract

Data preparation is a critical step in enhancing
the usability of tabular data and thus boosts
downstream data-driven tasks. Traditional
methods often face challenges in capturing the
intricate relationships within tables and adapt-
ing to the tasks involved. Recent advances in
Language Models (LMs), especially in Large
Language Models (LLMs), offer new oppor-
tunities to automate and support tabular data
preparation. However, why LMs suit tabular
data preparation (i.e. how their capabilities
match task demands) and how to use them ef-
fectively across phases still remain to be sys-
tematically explored. In this survey, we system-
atically analyze the role of LMs in enhancing
tabular data preparation processes, focusing on
four core phases: data acquisition, integration,
cleaning, and transformation. For each phase,
we present an integrated analysis of how LMs
can be combined with other components for
different preparation tasks, highlight key ad-
vancements, and outline prospective pipelines.

1 Introduction

Tabular data preparation is the end-to-end proce-
dure of transforming raw, heterogeneous tables into
a clean, integrated, and analysis-ready form to en-
hance data usability. Effective tabular data prepara-
tion is critical for developing data-driven models,
since it prevents the models from falling prey to the
garbage in, garbage out (GIGO) syndrome (Brown-
lee, 2020; Jain et al., 2020; Stieglitz et al., 2018;
Hameed and Naumann, 2020a; Jassim and Abdul-
wahid, 2021). Moreover, data preparation demands
expert knowledge and involves a substantial labor

*Corresponding author.

burden, with data scientists reportedly spending up
to 80% of their time on this task (Hameed and Nau-
mann, 2020b). Given these challenges, numerous
approaches are proposed to automate and support
effective tabular data preparation.

In the early stages, tabular data preparation meth-
ods primarily relied on rule-based systems or tra-
ditional learning architectures such as tree-based
models (Yohannes and Hoddinott, 1999; Fried-
man, 2001) and shallow networks (Kramer, 1991;
Hawkins et al., 2002; Batista and Monard, 2003).
However, these approaches struggle to comprehend
the implicit relationships within tables and are dif-
ficult to adapt to complex tasks involved in tabular
data preparation. Firstly, they often fail to model
fine-grained semantic dependencies, which limits
their effectiveness. Secondly, these methods are
typically task-specific and designed with restrictive
priors, which restrict their generalization capacity.

Recently, with strong capabilities in semantic
understanding, language models (LMs), especially
large language models (LLMs) have shown great
promise for tabular data preparation (Naveed et al.,
2023; Xi et al., 2023; Liu et al., 2023). Despite
growing interest and notable advancements, exist-
ing literature on LM-enabled tabular data prepara-
tion often concentrates on isolated tasks or specific
technical approaches, thereby lacking a systematic
and comprehensive understanding of why LMs are
suitable for addressing the inherent complexity of
tabular data and how they can be most effectively
employed (Lu et al., 2025; Li et al., 2024a; Ding
et al., 2024a; Long et al., 2024; Zhu et al., 2024).

To address this critical gap, our survey provides
a systematic exploration of why and how LMs can
empower tabular data preparation. As shown in
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Figure 1: Illustration of the tabular data preparation pipeline, consisting of: data acquisition, data integration, data
cleaning and data transformation. Foundation models applicable to data preparation are also explored.

Figure 1, we structure this survey around four core
and closely related tabular data preparation phases:
(1) data acquisition that collects data from diverse
sources. We focus on table discovery, joinable ta-
ble search and unionable table search; (2) data in-
tegration that combines and aligns data. We focus
on schema matching and entity matching; (3) data
cleaning that handles missing values and errors.
We focus on error detection, data repair and data
imputation; (4) data transformation that formats
and encodes data for analysis. We focus on format
transformation and semantic transformation.

For each of these phases, We first explore the
“Why” by analyzing the nature of each task and the
strengths of LMs that make them suitable for spe-
cific tasks. We then dissect the “How” by examin-
ing the two main enabling strategies through which
these models are employed: (1) LM-centric strate-
gies (e.g., prompt-based and fine-tuning-based) and
(2) LM-in-the-loop strategies (e.g., LM-as-encoder
and LM-as-decoder), in order to distill generaliz-
able patterns across tasks and frameworks. While
LMs show potential for tabular data preparation,
the field is in its early stages. We summarize ex-
isting enabling approaches for each phase, pros
and cons for different frameworks and highlight
promising directions for future research.

2 Preliminaries

This paper investigates the use of LMs, including
LLMs and small language models (SLMs), for tab-
ular data preparation, which transforms raw tables
into high-quality, analysis-ready formats. The de-

tailed introduction of LLM and SLMs is provided
in the Appendix A. Tabular data preparation is not
a fixed pipeline but is often data-dependent, involv-
ing a set of operations to enhance quality.

Let Dlake denote the initial data lake, con-
taining diverse tables from various sources. A
preparation operator set is defined as: Oprep =
{Oacq, Oint, Oclean, Otrans, . . .} where Oacq repre-
sents data acquisition, Oint represents data inte-
gration, Oclean is data cleaning, and Otrans is data
transformation. There may be other operators, but
these four operators form the core of tabular data
preparation and are the main focus of this paper.

We denote the state of the dataset at time step
k as D(k). At the k-th step, the system selects an
operator Ok ∈ Oprep based on current data charac-
teristics, either through expert knowledge (Zhang
et al., 2003; Mining, 2006) or algorithms (Krish-
nan and Wu, 2019; Li et al., 2021). The selected
operator is then applied to the D(k):

D(k+1) ←MOk

(
D(k)

)
, Ok ∈ Oprep,

whereMOk represents an LM-based executor of
operator Ok. The process continues until the
dataset satisfies certain quality criteria or a pre-
defined utility threshold is reached.

3 Tabular Data Preparation Process

3.1 Overview

Task Overview. As shown in Figure 1, tabular data
preparation is typically comprising data acquisi-
tion, integration, cleaning, and transformation. In
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Figure 2: Framework of applying LMs for tabular data
preparation: LM-centric (prompt engineering and fine-
tuning) and LM-in-the-loop methods (LM-as-encoder
and LM-as-decoder).

data acquisition, common tasks include table dis-
covery, joinable table search, and unionable table
search. Data integration focuses on schema match-
ing and entity matching to align heterogeneous data
sources. Data cleaning addresses error detection,
data repair, and imputation to improve data quality.
Finally, data transformation covers format trans-
formation and semantic transformation to adapt
data for downstream analytics. Definitions for all
specific tasks can be found in the Appendix B.
Framework Overview. As shown in Figure 2, LM-
based methods can be grouped into two main strate-
gies: LM-centric strategies and LM-in-the-loop
strategies. LM-centric strategies use the model
directly, either through prompt engineering with
curated instructions or by fine-tuning it on task-
specific data. In contrast, LM-in-the-loop strategies
integrate LLMs or SLMs with other components
to combine complementary strengths. LMs usually
function as encoders to produce semantic represen-
tations or as decoders to generate textual outputs.

Table 1 presents a taxonomy of LM-enabled tab-
ular data preparation methods.

3.2 Data Acquisition

Touchpoint. Data acquisition is responsible for
identifying relevant tables from large data lakes
to support subsequent integration, cleaning, and
transformation. It is often query-driven, where the
acquisition process is guided by natural language
inputs or query tables. Consequently, state-of-the-
art methods typically formulate the problem as a
similarity search between the query and data within
the data lake, leveraging the semantic understand-
ing capabilities of LMs by incorporating them in an
LM-as-encoder paradigm. Such capability enables

LLMs to capture fine-grained semantic correspon-
dences beyond lexical overlap. In this paper, we
focus on three core tasks: table discovery, joinable
table search and unionable table search.

3.2.1 Table Discovery
Table discovery aims to retrieve the top-k tables
from a table repository that are most semantically
relevant to a given natural language query. Early
methods (Sayyadian et al., 2007; Sarma et al.,
2012) relied on keyword-based search over table
metadata and content, which struggled to capture
semantic relevance beyond lexical matches. By
employing LM as an encoder,with strong semantic
understanding, table discovery can be specifically
categorized into two approaches according to the
embedding strategy: representation-index-search
and rerank.
Representation-Index-Search. This approach
typically follows a three-stage pipeline: (i) en-
coding query and data lake tables separately into
embeddings, (ii) constructing indexes over these
embeddings in an offline phase, and (iii) retriev-
ing the top-k most relevant tables via similar-
ity search. Variations across existing methods
generally lie in the choice of embedding meth-
ods and indexing techniques. OpenDTR (Herzig
et al., 2021) adopts TAPAS (Herzig et al., 2020)
as the backbone of its encoder, while OpenWik-
iTable (Kweon et al., 2023) provides several en-
coder options such as BERT (Devlin et al., 2019a)
and TAPAS. Solo (Wang and Fernandez, 2023)
introduces a more fine-grained representation by
encoding each cell–attribute–cell triplet into a fixed-
dimensional embedding. For indexing, most meth-
ods rely on approximate nearest neighbor (ANN)
algorithms, such as IVF-PQ (Johnson et al., 2021)
in Solo (Wang and Fernandez, 2023). To further
enhance the integration between indexing and re-
trieval, Birdie (Guo et al., 2025a) proposes a differ-
entiable search index that directly determines.
Rerank. In contrast to methods that encode the
query and data separately, the rerank approach
leverages LLMs/SLMs to jointly encode the query
and candidate tables, capturing fine-grained se-
mantic interactions. As it requires computing new
embeddings for each query, this approach is gen-
erally more time-consuming. To mitigate this, a
lightweight retriever first selects a pool of candi-
date tables, which are then reranked by a joint en-
coder based on query–table interactions. Hybrid-
BERT (Chen et al., 2020) employs a content se-
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lector to extract relevant table segments and uses
BERT with a regression layer to predict matching
scores. GTR (Wang et al., 2021) introduces a pool-
ing mechanism to integrate the embeddings of the
query and candidate table.

Pros & Cons. Representation-Index-Search ap-
proach is highly scalable and efficient but may lose
fine-grained alignment information and is less con-
venient to update when new data is added. Rerank
excels at capturing the correlation between a query
and each candidate table by joint encoding, which
improves semantic precision. However, it can be
computationally intensive and less scalable.

3.2.2 Joinable Table Search
Joinable table search seeks to identify the top-k
tables from a collection that contain a column capa-
ble of serving as a join key with a query table. Clas-
sic approaches tackled this through syntax-based
candidate filtering methods like LSH-based block-
ing (Zhu et al., 2016) or explored structural links
using graph-based methods (Koutras et al., 2024).

Recently, LM-as-encoder is explored to cap-
ture semantic information to improve performance.
Similar to table discovery, these methods often
follow a representation–index–search paradigm.
DeepJoin (Dong et al., 2023) fine-tunes SLM-based
encoders (e.g., DistilBERT (Sanh et al., 2019), MP-
Net (Song et al., 2020)) to capture the latent seman-
tics of columns. It embeds the query column and
retrieves joinable candidates from a prebuilt HNSW
index (Malkov and Yashunin, 2020). Snoopy (Guo
et al., 2025b) also follows this paradigm and fur-
ther introduces the technique of proxy columns
to enhance representations by contrastive learning.
HyperJoin (Liu et al., 2026) further augments join-
able table discovery with LLM-generated seman-
tic variants and hypergraph link prediction, jointly
modeling intra-table context, inter-table joinability,
and coherence-aware reranking.

Pros & Cons. LM-as-encoder models latent rela-
tionships and contextual meanings, which improves
match quality but comes with higher computational
cost and a risk of semantic drift.

3.2.3 Unionable Table Search
Unionable table search aims to retrieve the top-
k tables from a collection that can be vertically
concatenated with a given query table.

In recent years, the representation–index–search
paradigm has been developed in parallel with
the LM-as-encoder approach to capture con-

textual information across multiple columns.
Starmie (Fan et al., 2023) represents tables and rea-
sons about schema-level similarity using an SLM
(RoBERTa (Liu et al., 2019)). It encodes both
the query and candidate tables holistically, captur-
ing inter-column relationships. It then employs
HNSW (Malkov and Yashunin, 2020) for efficient
indexing and introduces bipartite matching to com-
pute table-level similarity scores while enabling
pruning during online search.

Pros & Cons. Table-based methods consider the
whole table context and capture richer relationships,
but may incur higher computational and memory
costs and may overlook fine-grained information.

Summary and take-away. LLMs/SLMs for
data acquisition are typically used as encoders,
framing the task as a similarity search. They are
often integrated into pipelines following a repre-
sentation–index–search or re-ranking paradigm.
Most existing approaches focus on leveraging
SLMs to enhance efficiency.

3.3 Data Integration

Touchpoint. Following data acquisition, data in-
tegration focuses on aligning heterogeneous and
inconsistent tables to enable subsequent phases.
Unlike data acquisition, data integration does not
involve explicit queries. Instead, every table can
be considered a query that needs to be compared
with all other tables, resulting in a quadratic com-
plexity. Hence, state-of-the-art approaches typi-
cally prompt a LLM as a reranker or matcher to
leverage its deep semantic understanding, allowing
the model to reason over heterogeneous tables and
generalize beyond explicit column matches. To
improve efficiency, recent approaches incorporate
SLMs and rule-based heuristics to filter candidats
before invoking the LLM. In this survey, we focus
on surveying schema matching and entity match-
ing.

3.3.1 Schema Matching
Schema matching aims to learn a function that
aligns attributes from a source schema with corre-
sponding attributes in a target schema. Traditional
methods have approached this either statistically
(Castro Fernandez et al., 2018), or through machine
learning (Koutras et al., 2021).
Prompt-based LLM reranker. Related meth-
ods usually first generate candidate matches, then
design prompts with instructions and candidate
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matches to further refine them using LLMs (Par-
ciak et al., 2024). They vary in the (1) candidate
match generation process and (2) prompt designs.

For the candidate generation, ReMatch (Sheetrit
et al., 2024) converts target schemas into retriev-
able documents, using semantic similarity to fil-
ter potential matches. KG-RAG4SM (Ma et al.,
2025) leverages external knowledge graphs, encod-
ing the information from graph-structured data and
external knowledge graphs for semantic alignment.
Prompt-Matcher (Feng et al., 2024) employs tradi-
tional schema-matching methods to produce prob-
abilistic candidates. Magneto (Liu et al., 2024b)
adopts a lightweight SLM for candidate retrieval.

Different prompt designs are also explored to bet-
ter utilize LLM as a rerank. Matchmaker (Seedat
and van der Schaar, 2024) iteratively refines can-
didate matches using confidence scores and multi-
round prompt feedback. KcMF (Xu et al., 2024)
injects domain knowledge and pseudo-code-like
instructions into prompts, explicitly guiding LLMs
to reduce confusion and hallucinations.

Pros & Cons. Prompt-based LLM rerankers
leverage small schema sizes and pre-filtering to
enable efficient reranking. They can also use rich
contextual cues to resolve ambiguous matches, im-
proving precision. However, poor initial recall of
candidates can cause valid matches to be missed.

3.3.2 Entity Matching
Entity matching identifies whether two records
from different sets refer to the same entity. Tra-
ditional methods include deterministic rules, statis-
tical methods, and machine learning methods (Bi-
nette and Steorts, 2020). Recently, following the
widely adopted block-and-match framework (Wu
et al., 2023), LMs are explored as a matcher by
prompt engineering and fine-tuning.
Prompt Engineering. The method in (Peeters
et al., 2025) evaluates various prompts for en-
tity matching and shows that even a simple zero-
shot prompt performs well. ComEM (Wang et al.,
2025c) expands this paradigm by comparing multi-
ple prompting styles: pairwise matching, side-by-
side comparison, and selecting one correct record
from a set. BATCHER (Fan et al., 2024b) improves
cost-effectiveness by batching entity pairs and se-
lecting in-context examples, significantly reducing
token usage with little accuracy loss. BoostER (Li
et al., 2024b) adopts selective verification, gen-
erating candidate matches with probabilities and
refining them using Bayesian adjustment.

Fine-tuning. Fine-tuning is widely used for en-
tity matching. In the early stage, most methods
are primarily based on fine-tuning SLMs. Joint-
BERT(Peeters and Bizer, 2021) fine-tunes BERT
simultaneously on binary matching decisions and
multi-class entity classification tasks, leveraging
richer supervision signals. Similarly, Ditto(Li et al.,
2020) demonstrates further gains by enhancing pre-
trained transformer models (e.g., BERT, RoBERTa)
with targeted textual augmentations and domain-
specific knowledge injection. Method in (Steiner
et al., 2024) finetune both SLM and LLM and
show that properly fine-tuned smaller models con-
sistently improve matching performance, whereas
results for LLMs are more variable.

Pros & Cons. Prompt engineering enables the
entity matching models to adapt quickly across dif-
ferent domains, without additional training. How-
ever, matching accuracy can be unstable when
prompts fail to capture fine-grained differences be-
tween ambiguous entities. Fine-tuning improves
alignment consistency and task-specific accuracy,
but requires labeled pairs and retraining.

Summary and take-away. Leveraging the se-
mantic capacity of LMs, both prompting and
fine-tuning methods have been explored for
data integration. To address efficiency con-
cerns, LLM is often used as a reranker in the
retrieval–rerank pipeline or a matcher in the
blocker–matcher pipeline.

3.4 Data Cleaning

Touchpoint. Data cleaning aims to identify (error
detection) and rectify (data repair and data imputa-
tion (Wang et al., 2024a)) errors or inconsistencies
in a dataset to improve data quality. Unlike query-
driven data acquisition and pairwise-oriented data
integration, data cleaning is typically performed at
the instance level. This prior offers increased flexi-
bility and minimal structural constraints, allowing
various strategies to be contextually incorporated
into the cleaning process. Early methods based on
SLMs offered efficient but limited support while
recent advances leverage LLMs to enable more
powerful detection, correction and imputation, ben-
efiting from their ability to model dependencies
and generate semantically consistent operations.

3.4.1 Error Detection
Error detection aims to identify erroneous cells on
the table based on criteria such as integrity con-
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straint violations and semantic inconsistencies. Er-
ror detection is a discriminative task. LM-based
methods typically adopt two strategies: (1) using
prompts to reframe the task as generative to lever-
age LLM knowledge, and (2) using LM-as-encoder
to extract features for classifier training.
Prompt-based. Prompt-based methods have vari-
ous implementation strategies. Some methods di-
rectly prompt the LLM to determine whether a
given instance is erroneous (Narayan et al., 2022).
To accelerate error detection, ZeroED (Ni et al.,
2025) prompts the LLM to generate rules, which
can be efficiently and scalably applied across large
datasets. ForestED (Wang et al., 2025b) instead
uses an LLM as a decision-tree inducer and ensem-
bles multiple induced trees to impree explainability
and robustness. Furthermore, GIDCL (Yan et al.,
2024b) adopts an iterative approach that leverages
LLMs to generate rules for corrupting clean data
and synthesizing dirty samples. The LLM-as-a-
Judge framework (Nahum et al., 2024) employs an
ensemble of LLMs to detect errors in labels in the
datasets.
LM-as-encoder. In the early stage, SLMs are used
to encode data features and train detection models
(e.g., Tabreformer (Nashaat et al., 2021)), balanc-
ing efficiency and accuracy. Recently, LLMs are
explored. ZeroED (Ni et al., 2025) proposes LLM-
based error reason-aware features, which are then
used to train a binary classifier.

Pros & Cons. Prompt-based methods enable
flexible rule induction and can handle diverse error
types without task-specific training, but results may
be inconsistent and sensitive to prompt formulation.
LM-as-encoder approaches provide stable, reusable
representations for large-scale detection, yet may
struggle to capture rare or subtle errors.

3.4.2 Data Repair
Data repair seeks to rectify detected erroneous cells
in a raw dataset to construct a new dataset free
from such errors. Different from error detection,
which is discriminative, data repair is essentially a
generative task and thus well suited to LMs.
Prompt-based. IterClean (Ni et al., 2024) en-
hances this by providing task instructions along
with detailed explanations for each identified error
to guide the generation of candidate corrections.
Fine-tuning. GIDCL (Yan et al., 2024b) introduces
a new pipeline: an implicit cleaning stage using
a fine-tuned local LLM as the corrector, and an
explicit cleaning stage that generates correction

patterns. A ranking method is then employed to
select the most suitable correction.

Pros & Cons. In data repair, prompt-based meth-
ods work well for generating simple repair rules
and correcting small-scale value errors without ex-
tensive training data, but may yield inconsistent
results for larger datasets that need consistent cor-
rections. Fine-tuning learns stable repair patterns
and ensures consistency across similar errors, but
requires curated data and retraining.

3.4.3 Data Imputation
Data imputation focuses on inferring and filling in
unobserved or missing elements. Prior non-LM
approaches evolved from statistical methods to ML
methods (Jäger et al., 2021a). Similar to the data
repair, data imputation is also a generative task, and
both LLM-centric methods and LM-in-the-loop
methods are explored.
LM-centric. The method proposed in (Narayan
et al., 2022) directly prompts the LLM with few-
shot examples to perform imputation. Rather
than relying on a single prompt and model, LLM-
Forest (He et al., 2024) constructs a bipartite graph
for each feature and integrates information from
multiple LLM-based few-shot learning "trees" into
a forest by merging these graphs. It then performs
weighted voting to derive the final imputation re-
sult. Fine-tuning methods are also explored. The
approach in (Ding et al., 2024b) applies LoRA to
fine-tune the LLM, incorporates existing data as rel-
evant knowledge into the prompt, and subsequently
generates candidate values for imputation. Simi-
larly, CRILM (Hayat and Hasan, 2024) fine-tunes
an SLM using the outputs of an LLM, aiming to
balance efficiency and accuracy.
LM-in-the-loop. Beyond relying solely on LLMs,
LLM-in-the-loop methods have also been intro-
duced. UnIMP (Wang et al., 2025a) first constructs
cell-oriented hypergraphs by using the LLM as
an encoder to generate feature representations. It
then applies high-order message passing to aggre-
gate and propagate information across the dataset,
employing the LLM as a decoder to generate impu-
tations based on the aggregated features.

Pros & Cons. LM-centric approaches can di-
rectly infer missing values but may overfit patterns
or hallucinate plausible yet incorrect imputations.
LLM-in-the-loop setups combine LLM reasoning
with external rules or models, improving reliability
and interpretability, though this adds orchestration
overhead and requires careful design.
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Summary and take-away. LMs, as genera-
tive models, are particularly well suited for data
cleaning. This area has attracted substantial
research attention and is progressing rapidly,
with both LLM-centric and LM-in-the-loop ap-
proaches being actively explored.

3.5 Data Transformation

Touchpoint. In contrast to data-centric phases
like data acquisition, data integration, and data
cleaning, data transformation is more task-oriented
and instruction-driven, aiming to bridge the gap
between raw data and downstream tasks. While
earlier studies leveraged SLMs for encoding-
based transformation, recent advances increas-
ingly turn to LLMs for their stronger instruction-
following abilities which make them well-suited
for instruction-driven data transformation, where
methods such as prompt engineering and LLM-as-
encoder are leveraged to align data with specific
requirements. In this paper, we survey formation
transformation and semantic transformation.

3.5.1 Format Transformation
Format transformation aims to restructure records
to conform to a specified target format schema.
Early works address this using carefully designed
operations (Li et al., 2023a; Chen et al., 2023).

Recently, LLMs are widely employed in a
Prompt-based manner to automate format trans-
formation. Researchers show that LLMs, like GPT-
3.5 and GPT-4, can automatically recognize non-
relational patterns and convert them into structured
outputs with few-shot prompting (Huang and Wu,
2024). This idea is further expanded to multi-table
scenarios, taking a higher-level overview zoom-
in–zoom-out approach, showing a notable perfor-
mance in the cross-table transformations (Huang
et al., 2024). Instead of directly generating the
transformed content, DataMorpher (Sharma et al.,
2025) introduces a novel paradigm that first gener-
ates code and then executes it for data transforma-
tion. SQLMorpher (Sharma et al., 2023) proposes
a new benchmark and applies similar code genera-
tion techniques, demonstrating the effectiveness of
LLM-based multi-step transformations.

3.5.2 Semantic Transformation
Semantic transformation seeks to map tabular con-
tent into structured knowledge, such as functions,
rules, or logical forms. Both the LM-as-encoder
method and prompt engineering are explored.

LM-as-Encoder. Auto-Formula (Chen et al.,
2024) adopts a retrieval-based approach, where
tables are encoded using SentenceBERT (Reimers
and Gurevych, 2019) to retrieve relevant spread-
sheets and formulas. This retrieval augments the
table-to-formula generation process by incorporat-
ing semantically similar examples.
Prompt Engineering. A benchmark is introduced
in SPREADSHEETBENCH (Ma et al., 2024) that
integrates user intents, tabular data, and example
outputs, evaluating the performance of LLMs in
generating executable code for complex spread-
sheet manipulations using real-user prompts. In
addition, TabAF (Wang et al., 2025d) employs a
dual-prompting strategy to generate both answers
and corresponding formulas for table-based ques-
tion answering, leveraging perplexity-based selec-
tion to optimize the final output.

Pros & Cons. LM-as-Encoder approaches gen-
erate general-purpose representations that help
align semantics, but they may miss fine-grained
contextual cues. Prompt engineering provides flex-
ible control over how semantic mappings are speci-
fied, yet its effectiveness can suffer if prompts fail
to clearly define complex field dependencies or
contextual constraints.

Summary and take-away. With the integration
of advanced prompt engineering and LLM-as-
encoder orchestration, LLMs present a novel
tool for data transformation. LLM-based meth-
ods are capable of handling diverse data formats
and complex user intents, thereby broadening
the scope and scalability of instruction-driven
transformation workflows.

3.6 LMs Applicable to Diverse Tasks

Alongside task-specific methods, unified data pre-
processors are also being explored.
Prompt Engineering. A study in (Narayan et al.,
2022) demonstrates that GPT-3-175B, the largest
variant of GPT-3, achieves strong performance for
tabular data preparation even under zero or few-
shot prompting. A retrieval-augmented pipeline
is introduced in UniDM (Qian et al., 2024). Co-
coon (Zhang et al., 2024c) extends this insight by
mimicking human cleaning and decomposing data
cleaning into sub-tasks. The framework in (Zhang
et al., 2024b) integrates prompt techniques like
zero/few-shot, batch prompting, and feature selec-
tion for tabular data preparation.
Fine-Tuning-Based Strategies. Many work uses
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fine-tuning to encode knowledge of tabular data
and preparation operations into LLMs. Table-
GPT (Li et al., 2023b) introduces table-tuning on
18 synthetic tasks, enabling strong table-centric rea-
soning, consistently outperforming GPT 3.5. Jelly-
fish (Zhang et al., 2024a) trains a local LLM on a
small multi-task corpus using curated instructions
and distilled reasoning from a larger model for data
preprocessing. Unicorn (Tu et al., 2023) pioneers a
unified model for seven data matching tasks (e.g.,
entity matching, schema matching). A Spread-
sheetLLM is introduced in (Dong et al., 2024).
MELD (Yan et al., 2024a) introduces a Mixture-
of-Experts (MoE) method for low-resource data
preprocessing with a router network that selects the
top-k experts to handle queries.

3.7 Frameworks for Full Pipeline

Besides focusing on LMs, recent research has be-
gun to explore how to orchestrate the entire pipeline
by adopting multi-agent frameworks that allow
multiple agents to work together with planning,
reasoning, and execution. A related survey dis-
cusses agent-as-data-analyst systems from a broad
analytics perspective (Tang et al., 2025). Auto-
Prep (Fan et al., 2024a) combines a Planner that
generates logical workflows, Programmers that pro-
duce step-wise code, and an Executor that runs the
code to handle question-aware tabular data prepa-
ration. Pipeline-Agent (Ge et al., 2025) formulates
data preparation as an iterative decision-making
process, where an agent selects operations, exe-
cutes them, and adjusts subsequent steps based on
intermediate results.

4 Challenges and Guidance

4.1 Challenges

Effectiveness and Robustness. A key chal-
lenge of LM-enabled methods is their effectiveness
and robustness since LMs can produce unfaithful
or logically inconsistent outputs (i.e., hallucina-
tions). To mitigate this, recent works combine
LMs with external retrieval or structured knowl-
edge sources. For example, RAG-based pipelines
provide factual grounding to reduce hallucinations,
KG-RAG4SM (Ma et al., 2025) and KcMF (Xu
et al., 2024) demonstrate how integrating knowl-
edge graphs can verify or enrich model predictions,
improving stability. However, scalable and general-
izable solutions for robust, repeatable orchestration
remain an open challenge.
Cost and Scalability. In real-world data pipelines

that demand low latency and predictable resource
budgets, balancing effectiveness with efficiency
has become a practical priority. Recent research
addressed this problem through various techniques.
One common direction is to leverage traditional
methods or SLMs to filter candidates and re-
duce the load on LLM components, as seen in
frameworks like Magneto (Liu et al., 2024b),
ReMatch (Sheetrit et al., 2024), and Prompt-
Matcher (Feng et al., 2024). Another promis-
ing approach distills LLM knowledge into lighter
SLMs, such as in Jellyfish (Zhang et al., 2024a)
and CRILM (Hayat and Hasan, 2024), achieving
comparable performance with low inference cost.

To operationalize the evaluation, we provide a
discussion of benchmarks, metrics, and other eval-
uation aspects in Appendix D, as well as two tables
in Appendix D.1 and D.2: a standardized reporting
template and a robustness checklist.

4.2 Design Guidance

Drawing on the foregoing discussion, we present
targeted recommendations for practitioners and a
set of research directions in Appendix F.

5 Future Directions

5.1 Resource-Efficient LLM Pipelines

LLMs inevitably impose high computational and
energy costs despite their strong capabilities (Hoff-
mann et al., 2022). Moreover, the input size of
LLMs is inherently limited, making it difficult to
encode the whole table within a single inference
pass. At the same time, the volume of real-world
data generated across various domains has grown
at an unprecedented rate. While techniques for
parameter-efficient fine-tuning and inference ac-
celeration are proposed, the efficiency is still not
competitive compared to traditional learning-based
methods. Moreover, it remains challenging to bal-
ance accuracy and cost in high-throughput settings.

5.2 Interactions Across Different Phases

Most existing work treats tabular data preparation
phases as independent modules. However, in prac-
tice, these phases are tightly coupled and can ben-
efit from joint modeling. For example, cleaning
and integration strongly influence each other: im-
proved cleaning can reduce noise and inconsisten-
cies, thus facilitating more accurate data integra-
tion. Conversely, effective integration can expose
redundancies, conflicts, or outliers across sources,
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which in turn provides valuable context for more
informed and targeted cleaning. Coordinating the
entire process remains challenging due to the het-
erogeneous nature of phases, each of which may
require distinct strategies. Moreover, the variability
in downstream requirements further complicates
the development of a one-size-fits-all solution.
6 Conclusions
LMs are reshaping tabular data preparation with
flexible and effective solutions across acquisition,
integration, cleaning, and transformation tasks.
This survey offers a comprehensive review of why
LMs are suitable to empower tabular data prepara-
tion and how LMs act as enablers for it, including
LM-centric and LM-in-the-loop strategies. We ex-
amine a broad set of techniques, organize recent
developments around shared paradigms, and sum-
marize how existing methods are incorporated into
practical workflows with future directions.

Limitations

This survey focuses primarily on tabular data prepa-
ration methods. However, in real-world scenarios,
many other types of data, such as text, images, or
time-series, also require specific preparation strate-
gies. Our analysis does not comprehensively cover
these diverse modalities, and thus some conclu-
sions and techniques may not generalize beyond
tabular data. For those interested in the preparation
of other data types, Appendix G provides a brief
overview of representative benchmarks and surveys.
In addition, tabular data preparation is inherently
connected to downstream tasks, including analytics,
modeling, and decision-making processes. How-
ever, this survey explicitly limits its scope to the
preparation of data itself, without a detailed discus-
sion of these related downstream applications. The
interaction and integration with these tasks remain
an important area for future exploration.
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Figure 3: An LM-empowered tabular data-preparation
pipeline covering data collection, integration, cleaning,
and transformation tasks.

A Language Models

Language models (LMs), often transformer-
based (Vaswani et al., 2017), are trained on large
text datasets to understand and generate human lan-
guage. They operate auto-regressively, predicting
the next word based on prior context as follows:

θLM = argmax
θ

∑

i

logP (di|di−1, · · · ; θ) (1)

Where di is a text data token and θLM is the param-
eter of LM. In the early days, LMs were primarily
small language models (SLMs), such as T5 (Raf-
fel et al., 2020) and Bert (Devlin et al., 2019b).
Recently, driven by the scaling law (Kaplan et al.,
2020; Henighan et al., 2020), which suggests that
larger models tend to perform better, LLMs, such
as GPT-4 (OpenAI, 2023), LLaMA (Touvron et al.,
2023) and Claude (Anthropic, 2023), are emerging.

B Task Definitions

The formal task definitions that follow correspond
to the processing pipeline illustrated in Figure 3.
These definitions aim to provide an operational,
reproducible taxonomy that links the conceptual
pipeline in the main text to measurable experimen-
tal tasks.

B.1 Data Acquisition

Definition 1 (Table Discovery): Given a natu-
ral language query q and a table repository T =
{T1, T2, . . . , TN}, the goal of table discovery is to
retrieve the top-k tables Tt ∈ T that are most rel-
evant to the query. The relevance is measured by
a ranking score Rdisc(q, Tt) = Rel(q, Tt), where
Rel captures the semantic alignment between the

query and the content (e.g., captions, schemas, and
cell values) of the table.

Definition 2 (Joinable table search): Given a query
table Tq with a specified column Cq, and a table
collection T = {T1, T2, . . . , TN}, the goal of join-
able table search is to retrieve the top-k tables
Tt ∈ T such that there exists a column Ct ∈ Tt
maximizing a joinability score: Rjoin(Cq, Ct) =
JoinSim(Cq, Ct), where JoinSim measures the
likelihood that Cq and Ct can serve as join keys.

Definition 3 (Unionable Table Search): Given a
query table TU

q and a table collection T , top-k table
union search retrieves a subset Tq ⊂ T , such that
|Tq| = k, and for any T ∈ Tq, T ′ ∈ T \Tq, it holds
that: R(TU

q , T ) > R(TU
q , T

′), where R(TU
q , Tt)

denotes a table-level unionability score.

B.2 Data Integration

Definition 4 (Schema Matching): Let Ss and St
denote the source and target schemas. Each schema
S comprises a set of tables T = {T1, T2, . . . , Tm},
where each table Ti contains attributes Ai =
{Ai1, Ai2, . . . , Aik}. Schema mapping aims to
learn a function f : As → At ∪ {∅} that aligns
each source attribute from the source schema Ss
with a target attribute in the target schema St or
assigns it to ∅ if unmatched.

Definition 5 (Entity Matching): Given two sets
of records Rs = {r1, r2, . . . , rm} and Rt =
{r′1, r′2, . . . , r′n}, entity matching aims to learn a
function g : Rs ×Rt → {0, 1}, where g(ri, r′j) =
1 indicates that ri and r′j refer to the same entity,
while g(ri, r′j) = 0 indicates they do not match.

B.3 Data Cleaning

Definition 6 (Error Detection): Error detection
aims to identify E = {tij ∈ T | tij is erroneous}
given the raw dataset T , where the determination
of an “erroneous” cell can be based on various cri-
teria such as violation of data integrity constraints,
semantic inconsistencies, or statistical anomalies.

Definition 7 (Data Repair): Given a raw dataset
T and a set of detected erroneous cells E identified
through the error detection, data repair aims to
construct a new dataset T ′ such that all cells tij ∈ E
are rectified and T ′ contains no erroneous values.
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Definition 8 (Data Imputation): Data imputation
aims to impute the unobserved elements in the raw
tabular dataset T , i.e., mij = 0 in the mask matrix
M , and make the imputed dataset as close to the
real complete dataset (if it exists) as possible.

B.4 Data Transformation

Definition 9 (Format Transformation): Given a
dataset D with records R = {r1, r2, . . . , rn} and
a target format schema F , format transformation
learns a function ϕ : R → R⋆ that restructures
each ri into r⋆i to conform to F .

Definition 10 (Semantic Transformation): Given
a dataset D with records R = {r1, r2, . . . , rn},
semantic transformation aims to learn a function
ψ : R → K that maps tabular content to structured
knowledge such as functions, rules, or logic forms.

C Taxonomy Table

A taxonomy table, containing information about
data preparation phases, specific tasks in each
phase, related models, and relevant framework and
highlights is given in Table 1.

D Evaluation, Reporting Template and
Checklist

Systematic evaluation starts with reliable bench-
marks and well-defined metrics.
Benchmarks. While existing benchmarks for
specific tasks are widely used, such as Match-
bench (Guo et al., 2013)for schema matching, Im-
putationbench (Jäger et al., 2021b) for missing data
imputation and Medec (Abacha et al., 2024) for
error detection, they mostly target individual sub-
tasks rather than covering the entire tabular data
preparation pipeline, there is still a lack of unified
benchmarks that capture the whole workflows.
Metrics. The evaluation involves two main cate-
gories of metrics: (1) evaluation on data prepara-
tion accuracy, and (2) evaluation on downstream
task performance. The first category measures
the quality of prepared data directly against a
ground-truth version, using standard scores like
Accuracy, F1-score and Root Mean Squared Er-
ror (RMSE) (Fan et al., 2024b; Nashaat et al.,
2021; Li et al., 2020). The second category as-
sesses practical utility by measuring the impact on
a downstream task, such as comparing a model’s

performance when trained on the original versus
the prepared data (Hayat and Hasan, 2024; Fan
et al., 2024a; Qi and Wang, 2024). Detailed defini-
tions of these metrics are in the Appendix E.

This survey motivates the development of a
benchmark paper that provides a unified framework
for evaluating LM-assisted tabular data preparation.
The benchmark is intended to address three key
questions: (i) When do LM operators outperform
rule-based or learned baselines across datasets? (ii)
Which high-level design choices influence prepara-
tion quality, latency, and cost most? and (iii) How
robust are pipelines across dataset characteristics
and distribution?

D.1 Reporting Template
A reporting template, designed to standardize the
description of experimental results such as la-
tency, throughput, token budgets, retry policy, and
seeds/configs, is given in Table 2.

D.2 Robustness Checklist
A robustness checklist, providing structured guid-
ance for evaluating end-to-end pipeline robustness
across multiple dimensions (e.g., multi-seed vari-
ance, decoding sensitivity, distribution shift), is
given in Table 3.

E Metrics Definitions

Definition 11 (Accuracy): For a given dataset of n
instances {(xi, yi)}ni=1, where yi is the true label
for input xi, let ŷi be the predicted label. Accuracy
is the fraction of predictions that are correct. Using
an indicator function I(·), it is formally defined as:

Accuracy =
1

n

n∑

i=1

I(ŷi = yi)

Definition 12 (F1-score): In a binary classification
context, let TP, FP, and FN be the counts of True
Positives, False Positives, and False Negatives. Let:

Precision =
TP

TP + FP
, Recall =

TP
TP + FN

The F1-score is calculated as:

F1-score = 2· Precision · Recall
Precision + Recall

=
2TP

2TP + FP + FN

Definition 13 (Root Mean Squared Error - RMSE):
For a numerical prediction task, let Y =
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Phase Task Model Framework Highlight Effectiveness Cost

Data Discovery

Table Discovery

OpenWikiTable (Kweon et al., 2023) LM-as-Encoder Several encoder options (BERT and TAPAS) ⋆ ⋆⋆
Solo (Wang and Fernandez, 2023) LM-as-Encoder Triplet-level cell–attribute embeddings with ANN index ⋆⋆ ⋆⋆⋆

Hybrid-BERT (Chen et al., 2020)
Fine-Tuning

& LM-as-Encoder
Fine-tuned BERT reranker with content selector ⋆⋆ ⋆

GTR (Wang et al., 2021) LM-as-Encoder Graph-based joint query–table matching ⋆⋆ ⋆

Birdie (Guo et al., 2025a)
Fine-Tuning & LM-as-Encoder

& LM-as-Decoder
Differentiable search index learned end-to-end ⋆⋆⋆ ⋆

Joinable Table Search
Snoopy (Guo et al., 2025b) LM-as-Encoder Proxy-column embeddings via contrastive learning ⋆⋆ ⋆⋆⋆

DeepJoin (Dong et al., 2023)
Fine-Tuning

& LM-as-Encoder
Fine-tuned column encoder with HNSW retrieval ⋆⋆ ⋆⋆⋆

HyperJoin (Liu et al., 2026)
Prompt Engineering
& LM-as-Encoder

LLM-augmented hypergraph
link prediction and coherent reranking

⋆⋆⋆ ⋆⋆

Unionable Table Search Starmie (Fan et al., 2023) LM-as-Encoder Table-level embeddings with bipartite matching rerank ⋆⋆ ⋆⋆⋆

Data Integration

Schema Mapping

ReMatch (Sheetrit et al., 2024) Prompt Engineering Retrieval-augmented framework ⋆ ⋆
Matchmaker (Seedat and van der Schaar, 2024) Prompt Engineering Automated self-improving ⋆⋆ ⋆

Prompt-Matcher (Feng et al., 2024) Prompt Engineering Uncertainty reduction pipeline ⋆ ⋆⋆⋆
Magneto (Liu et al., 2024b) Prompt Engineering Combining SLM with LLM ⋆⋆ ⋆⋆

KcMF (Xu et al., 2024) Prompt Engineering
Retrieval-based domain knowledge

& Pseudo-code task instruction
⋆⋆⋆ ⋆

KG-RAG4SM (Ma et al., 2025)
Fine-Tuning

& LM-as-Encoder
Retrieve large external

knowledge graph
⋆⋆⋆ ⋆

Entity Linkage

MatchGPT(Peeters et al., 2025) Prompt Engineering
Demonstrated the superiority of

prompt-based approaches
⋆⋆ ⋆

ComEM (Wang et al., 2024b) Prompt Engineering Hybrid “match-compare-select” strategy ⋆⋆ ⋆⋆
BoostER (Li et al., 2024b) Prompt Engineering Uncertainty reduction pipeline ⋆ ⋆⋆⋆

BATCHER (Fan et al., 2024b) Prompt Engineering Question batching & Batched prompting ⋆ ⋆⋆⋆
(Steiner et al., 2024) Fine-Tuning Domain-specific fine-tuning ⋆⋆ ⋆

JointBERT (Peeters and Bizer, 2021) Fine-Tuning Fine-tuned on different tasks ⋆⋆ ⋆

Ditto (Li et al., 2020) Fine-Tuning
Targeted textual augmentations

& Domain-specific knowledge injection
⋆⋆ ⋆⋆

Data Cleaning

Data Imputation

LLM-Imputer(Ding et al., 2024b)
Fine-Tuning

& Prompt Engineering
Combining Fine-Tuning
and Prompt Engineering

⋆ ⋆

CLAIM (Hayat and Hasan, 2024)
Fine-Tuning

& Prompt Engineering
Generating natural language

descriptors for missing values
⋆⋆ ⋆⋆

LLM-Forest (He et al., 2024)
Prompt Engineering
& LM-as-Encoder

Graph-based neighbor
identification + LLM forests

⋆⋆ ⋆

UnIMP (Wang et al., 2025a)
Prompt Engineering
& LM-as-Encoder

Combining hypergraph message
passing with LLM embeddings

⋆⋆⋆ ⋆⋆

Error Detection

LLM-as-a-Judge (Nahum et al., 2024) Prompt Engineering Ensembling LLMs to detect label errors ⋆⋆⋆ ⋆
SIGLLM(Alnegheimish et al., 2024) Prompt Engineering Role-play prompt-driven ⋆ ⋆⋆⋆

LLMAD(Liu et al., 2024a) Prompt Engineering Chain-of-thought prompt-enhanced ⋆⋆ ⋆⋆
LogPrompt(Zhang et al., 2023) Prompt Engineering Chain-of-thought reasoning ⋆⋆⋆ ⋆⋆⋆

ForestED (Wang et al., 2025b) Prompt Engineering
LLM-induced decision trees

with EM-based ensemble consensus
⋆⋆⋆ ⋆⋆

Data Repair
GIDCL(Yan et al., 2024b) Prompt Engineering

Few-shot inference of repair patterns
with hypergraph modeling

⋆⋆ ⋆⋆

IterClean(Ni et al., 2024) Prompt Engineering Iterative generate-validate-refine loop ⋆⋆⋆ ⋆⋆

Data Transformation

Format Transformation

CleanAgent (Qi and Wang, 2024)
Prompt Engineering
& LM-as-Encoder

Automated data standardization via
multi-agent LLM collaboration

⋆⋆ ⋆⋆

DataMorpher (Sharma et al., 2025)
Prompt Engineering
& LM-as-Encoder

Automated Python code generation ⋆⋆⋆ ⋆

SQLMorpher (Sharma et al., 2023)
Prompt Engineering
& LM-as-Encoder

Automated SQL code generation ⋆⋆ ⋆⋆

Tab2DB (Huang et al., 2024) Prompt Engineering “zoom-in”–“zoom-out” approach ⋆⋆ ⋆

Content Transformation
DataMorpher (Sharma et al., 2025) Prompt Engineering Automated Python code generation ⋆⋆⋆ ⋆
SQLMorpher (Sharma et al., 2023) Prompt Engineering Automated SQL code generation ⋆⋆ ⋆⋆

General Model Integrated Tasks

Cocoon (Zhang et al., 2024c) Prompt Engineering
Decomposing data cleaning tasks

and mimicking human cleaning processes
⋆⋆⋆ ⋆⋆⋆

Table-GPT (Li et al., 2023b) Fine-Tuning
First LLM fine-tuned
on diverse table tasks

⋆⋆ ⋆⋆

LLM Preprocessor (Zhang et al., 2024b) Prompt Engineering
Integrating a series of SOTA

prompt engineering techniques
⋆⋆⋆ ⋆⋆

Jellyfish (Zhang et al., 2024a) Prompt Engineering Knowledge Distillation ⋆⋆⋆ ⋆⋆

Unicorn (Tu et al., 2023) Fine-Tuning
Generic Encoder +

Mixture of LLM Experts
⋆⋆⋆ ⋆

MELD (Yan et al., 2024a) Fine-Tuning
RAG + meta-path search

+ Mixture of LLM Experts
⋆⋆⋆ ⋆

Foundation model(Narayan et al., 2022) Prompt Engineering
Processing structured data
as text and executes tasks

⋆⋆ ⋆

Table 1: A taxonomy of LM-enabled tabular data preparation methods, grouped by phase and specific task. For the
’Effectiveness’ and ’Cost’ columns, more stars indicate better performance and lower cost, respectively.
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Model Name
Pipeline Architecture

Dataset
Dataset Name
Split Identifier

Reported Metrics

Accuracy
F1
Precision
RMSE
MAE

Wall-Time
p50
p95
Total Wall-time

Throughput (items/sec)
Input & Output Tokens
Number of Retries
Retry Policy
Random Seeds
Nondeterministic Params
Brief Preprocessing Notes

Table 2: Reporting Template for Experimental Results

Seed
Nondeterministic Record
Temperature
Sampling Sensitivity
Prompt-Paraphrase Robustness

Judge-Ensemble &
Verification Protocol

Verification Setup
Voting/Threshold Rules
Accept/Reject Rates
Model/Manual Review Config

Dataset Variation
Small Dataset
Medium Dataset
Large Dataset

Distribution-Shift
No Shift
Label Shift
Domain Shift

Monitoring &
Throughput Indicators

p50
p95
Error Rates
Alerting Thresholds

Table 3: Robustness Checklist for Practitioner Guidance

{y1, . . . , yn} be the set of n true values and Ŷ =
{ŷ1, . . . , ŷn} be the set of predicted values. RMSE

is defined as:

RMSE =

√√√√ 1

n

n∑

i=1

(yi − ŷi)2
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Definition 14 (Downstream Task Performance):
LetMdown be a downstream model (e.g., a classi-
fier) and Metricdown be its evaluation metric (e.g.,
Accuracy). The performance is determined by train-
ingMdown onDprep and original raw dataDori. The
performance of data preparation is the performance
gap between prepared data and original data. The
performance is computed as:

Performance = Metricdown
(
Mdown(Dprep)

)

− Metricdown
(
Mdown(Dori)

)

F Decision Flow & Design heuristics.

In this section, we offer a short decision flow to
choose an LM role for a given data-preparation op-
erator. We suggest starting by selecting the operator
(acquisition, integration, cleaning, transformation),
then pick the LM role that matches the operator’s
retrieval, precision, and cost needs. For acquisition,
we recommend using an SLM as encoder with a
retrieval pipeline and calling an LLM for reranking
only when finer semantic discrimination is needed.
For integration, a good approach is to use SLM or
heuristic pre-filtering followed by selective LLM
reranking/matching. For cleaning and transforma-
tion, we generally prefer LM-centric prompting or
fine-tuning and LM-in-the-loop (encoder features
with retrieval/verification) may be more suitable
when stability or verifiability is required.

When dealing with tight latency or cost con-
straints, we suggest following an SLM-first rule:
filter data at scale using SLMs or rules, and reserve
LLM calls for smaller candidate sets. Where possi-
ble, consider distilling LLM behavior into SLMs
to reduce inference costs. Additionally, incorporat-
ing retrieval-augmented verification or knowledge-
graph checks can help mitigate the risk of halluci-
nations. It’s also important to respect LLM input-
length limits by indexing or segmenting larger ta-
bles. Lastly, we suggest reporting not just accuracy,
but also cost, latency, and throughput metrics to
facilitate a fair comparison.

G Data Preparation for Other Data
Modalities

For those interested in the preparation of other data
types, a brief overview of representative bench-
marks and surveys is provided below.

For image data, (Seoni et al., 2024) offer a sys-
tematic review of image harmonization techniques
in multi-center and multi-device studies, which is a
critical component of data preparation. Their work
analyzes common strategies such as grayscale nor-
malization, color normalization, resampling, and
denoising, and evaluates their impact on the perfor-
mance of downstream models. In the domain of
text data, the field is covered from multiple perspec-
tives. (Nesca et al., 2022) provide a scoping review
of traditional preprocessing methods for unstruc-
tured text, including techniques like stop word re-
moval, tokenization, and punctuation removal, with
a focus on assessing data quality. Addressing more
recent advancements, (Chai et al., 2025) present a
comprehensive survey on text data augmentation
using LLMs, classifying modern techniques into
categories such as Prompt-based, Retrieval-based,
and Hybrid Augmentation. In contrast, our search
did not identify recent, comprehensive surveys or
benchmark papers specifically dedicated to the end-
to-end data preparation pipelines for time series
data and graph data. This suggests a potential
research gap and highlights a valuable opportu-
nity for future work to establish systematic reviews
and benchmarks for these increasingly critical data
modalities.
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