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ABSTRACT

High-quality tabular data are essential for reliable machine learn-
ing. The real-world datasets are often corrupted by sensor failures
and human errors. Traditional cleaning pipelines rely on hand-
crafted rules or narrowly scoped statistical models that are labor-
intensive and difficult to generalize across domains and schemas.
Large Language Models (LLMs) are a promising alternative, but
existing LLM-based cleaners suffer from high token costs, slow
inference, hallucination issues, and limited reusability.

We present TabClean, a cost-efficient and training-free tabular
data cleaning system in which LLM agents synthesize reusable
code for error detection and correction. The generated programs
apply directly to any table with the same schema, making LLM
usage a largely one-time rather than recurring cost. Across six
benchmarks, TabClean achieves high precision and improves F1
over representative baselines on five datasets, all while substantially
reducing runtime and API spend.
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1 INTRODUCTION

Tabular datasets underpin decision-making across science, busi-
ness, and the public sector and remain a dominant substrate for
machine learning [9, 35]. In practice, however, tables are frequently
contaminated by missing values, typos, inconsistent formats, unit
mismatches, out-of-range measurements, and schema-dependent
violations caused by sensor glitches and human workflows [5, 14].
It is widely estimated that data scientists spend most of their time
cleaning and pre-processing raw data before analysis [1, 15, 23, 37];
at Massachusetts General Hospital, for instance, much of that ef-
fort goes to building data pipelines with extensive preparation and
tuning [33]. Left unaddressed, such errors can propagate into down-
stream analytics, bias model training, and erode trust in automated
pipelines [12, 16].
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A large body of work [6, 10, 13, 24–26, 39] tackles data cleaning
through handcrafted rules, integrity constraints, and statistical or
learning-based detectors. Despite their successes, these approaches
often require substantial domain expertise and iterative engineering.
Rules must be written and maintained per dataset, constraints may
be unknown or brittle under distribution shift, and specialized
models often fail to transfer across schemas without retraining or
feature redesign.

LLMs have already proven effective on data-management prob-
lems [3, 18–20]. For tabular data cleaning specifically, two paradigms
dominate [43]. The first is prompt-based end-to-end cleaning [21,
28–30, 32, 41], which invokes an LLM API to directly identify and
repair errors, sometimes paired with a knowledge base [28]. The
second is task-adaptive fine-tuning [27, 40], which trains smaller
language models on dataset-specific error distributions. Both scale
poorly to large tables due to per-cell inference cost, hallucinate
repairs under long contexts, and re-invoke the model for recurring
errors. Fine-tuning also suffers a cold-start problem and generalizes
poorly to new schemas. Code-generating frameworks such as LLM-
Clean [4] and Cocoon [42] sidestep direct-modification bottlenecks
but remain narrow: LLMClean targets only Ontological Functional
Dependencies (OFDs), while Cocoon’s reliance on regular expres-
sions and SQL CASE WHEN clauses fails to scale and rarely transfers
across tables sharing a schema.

This paper presents TabClean, a scalable, training-free data
cleaning system that converts LLM reasoning into executable clean-
ing programs. A multi-agent pipeline synthesizes, tests, and iter-
atively refines Python repair code on a small human-annotated
development set. Rather than hard-coding cleaning knowledge,
agents consult a shared, schema-agnostic skills library to pick and
validate repairs grounded in data evidence. The resulting programs
are cached and reapplied to future tables with the same schema,
making LLM usage a largely one-time, amortized cost. As new er-
ror patterns appear, TabClean incrementally extends its program
library, enabling continual improvement without retraining. Exper-
iments on six standard benchmarks show that TabClean matches
or outperforms four state-of-the-art baselines, scales to tables too
large for some of them, and keeps runtime and API cost stable.

2 METHODOLOGY

2.1 System Overview

Figure 1 illustrates the end-to-end workflow. (1) Given a raw table,
the Dev-Set Sizer chooses howmany rows a human should annotate
for the development set. (2) The Dataset Profiler extracts profiling
signals and structural statistics from the annotated development
set. (3) The annotated table and profile are passed to the Diagnose
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Figure 1: TabClean System Overview

Agent, which consults the shared Cleaning Skills library and emits
a structured diagnosis of likely error patterns and repair opportu-
nities. (4) The Strategize Agent turns the diagnosis into a cleaning
plan that specifies repair operations and their order. (5) The Coding
Agent translates the plan into an executable Python program run
by the Code Executer. Runtime or syntax failures are routed to
the Debugging module for repair and re-execution. (6) The Rule-
Based Decider inspects the execution outcome and development-set
metrics to decide whether to stop. (7) On stop, the best validated
program is applied to the entire raw table to produce the cleaned
output. Otherwise, the execution result, program, and intermediate
artifacts flow to the Review Agent, which diagnoses failure causes
and regressions and issues feedback for the next refinement round.
Throughout, the Agent Memory buffer manages workflow context
and routes only role-relevant information to each agent.

2.2 Core Components

Agentic Memory Buffer. Passing the full interaction trace to
every agent is noisy and expensive [17, 34, 36]: outdated code,
verbose logs, and stale reasoning distract agents as prompts grow
across iterations. Our agentic memory buffer instead retains only
high-value context and serves role-specific subsets, keeping durable
evidence (e.g., profiles), active artifacts (e.g., the latest diagnosis),
and compact cross-iteration feedback while discarding detailed past
reasoning.
Cleaning Skills. A shared skills library collects general cleaning
principles, structural heuristics, and reusable repair templates. Be-
cause these skills are technique-level rather than dataset-specific,
they transfer across schemas and serve as the system’s externalized
knowledge base for repair reasoning.

Code Executer. The code executer runs candidate cleaning pro-
grams, detects syntax and runtime errors, and reports development-
set metrics. Standardized I/O and isolated execution provide a reli-
able loop for evaluation, debugging, and rollback.
Adaptive Dev-Set Sizer. To bound annotation cost, this compo-
nent decides how many rows to label. On randomly ordered rows,
it stops once coverage is sufficient: enough rows are labeled, each
error-bearing column has enough error instances, and total ob-
served errors support stable development-set F1. To keep annota-
tion sublinear in table size, the budget is bounded by a size-adaptive
cap on the number of labeled rows: given 𝑁 total rows, it labels
at most min(500, 0.15𝑁 ) rows for 𝑁 ≤ 5,000, min(700, 0.05𝑁 ) for
5,000 < 𝑁 ≤ 50,000, and min(1,000, 0.01𝑁 ) for 𝑁 > 50,000, so the
labeled fraction shrinks as tables grow and excessive labeling on
large tables is avoided.
Dataset Profiler. Before any LLM call, the profiler computes per-
column statistics (cardinality, value distributions) to surface un-
usual formats, rare tokens, and missing-value hotspots. It also de-
tects cross-row patterns such as low-cardinality grouping keys and
nearly constant attributes within groups, which enable consistency-
based repairs. It then produces a data preview and loads relevant
skills into the agentic memory buffer.
Rule-based Decider. The rule-based decider applies deterministic
rules over execution status and development-set performance to
choose the next transition. After each evaluation, it checks whether
the target F1 is reached, the iteration budget is exhausted, or the best
F1 has not improved within a patience window. If so, the pipeline
finalizes the best validated program. Otherwise, control passes to
the review agent.
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2.3 Specialized LLM Agents

Diagnose Agent. The diagnose agent takes as input the profile,
development-set samples, and skills library. It identifies column-
wise error types, distinguishes sporadic from systematic corrup-
tion, and estimates the in-table evidence available for repair. Its
structured diagnosis lists error labels, column dependencies, and
candidate repairs categorized as deterministic, evidence-based, or
uncertain. This classification guides planning and curbs overly ag-
gressive modifications.
Strategize Agent. The strategize agent converts the diagnosis into
a repair plan specifying target columns, selected skills, execution
order, and guard conditions. The initial iteration employs a conser-
vative deterministic-first strategy that corrects only high-confidence
errors, thereby establishing a high-precision baseline. Subsequent
iterations are feedback-driven: using the latest evaluation summary
and the best prior strategy, the agent preserves stable transforma-
tions, revises failing ones, and adds only a few new evidence-based
repairs per round. This incremental protocol reduces oscillation
and makes performance changes easier to attribute.
Coding Agent. The coding agent translates the strategy into an
executable Python cleaning program. To ensure generalizability
and suppress false positives, the code must preserve table shape,
avoid row-level hardcoding, and enforce strict evidentiary guards.
The agent edits incrementally, modifying the best previously val-
idated program to reduce regressions. Programs are executed on
the development set under a log-driven debugger. Successful out-
puts are scored cell-by-cell against the ground truth for precision,
recall, and F1, and cross-iteration edit traces are summarized into
per-column feedback for subsequent rounds.
Review Agent. The review agent jointly analyzes the current strat-
egy, synthesized code, and evaluation output. Rather than proposing
a new pipeline, it explains why the iteration succeeded or failed and
flags the highest-impact revisions for the next round, distinguishing
strategy errors, code-implementation errors, and insufficient data
evidence while marking transformations to preserve. This struc-
tured root-cause analysis closes the refinement loop and hands
actionable guidance to the next strategize step.

3 EXPERIMENTS

Our experiments answer three questions: (i) how TabClean com-
pares with strong rule-based, learning-based, and LLM-based base-
lines in cleaning quality, (ii) whether synthesizing reusable cleaning
code leads to practical end-to-end runtime, and (iii) how much LLM
usage and monetary cost are required in practice.

3.1 Experimental Setup

Datasets. Table 1 summarizes the six standard benchmarks, span-
ning healthcare, aviation, tax records, literature screening, and
movie metadata. They cover both small and large tables and het-
erogeneous error patterns, from typos and format inconsistencies
to functional-dependency and missing-value errors.
Baselines. We compare TabClean against four representative
baselines. Holistic [6] is a probabilistic data repairing system that
combines integrity constraints with statistical signals and performs
inference to impute/correct values. Baran [24] is a semi-supervised
correction engine that learns value-repair transformations from

Table 1: Datasets used in the experiments.

Dataset Rows Columns Error Cells Dev Rows
hospital [6, 38] 1,000 19 509 150
flight [22] 2,376 7 9,504 110
beers [11] 2,410 10 4,765 240
tax [2, 8] 200,000 15 121,219 150
rayyan [31] 1,000 11 960 150
movies [7] 7,390 17 7,675 369

data and (optionally) a small set of labeled corrections. Cocoon
[42] uses an off-the-shelf LLM to synthesize executable cleaning
logic (e.g., regex/SQL/Python) and validates it against the dataset in
a feedback loop. IterClean [30] is an iterative LLM-based pipeline
that alternates between error detection/verification and repair over
multiple rounds.
Metrics. We report precision, recall, and F1 for cleaning quality,
wall-clock runtime for end-to-end efficiency, and token/cost sta-
tistics for LLM-based systems when available. Cleaning quality is
evaluated by exact cell-level matching over the common columns
of the dirty, cleaned, and ground-truth tables: dirty cells repaired
to the ground-truth value count as true positives, missed dirty cells
as false negatives, and originally clean cells changed by a system
as false positives.
Model Selection. We employ gpt-5-mini for both Cocoon and
IterClean, as well as for the diagnose and review agents in Tab-
Clean. We use gpt-5.3-codex for the coding agent and gpt-5.2 for
the strategize agent.

3.2 Cleaning Effectiveness

Table 2 shows that TabClean attains the best F1 on five of the
six benchmarks, trailing only IterClean on hospital. It obtains the
highest recall on those five datasets and the strongest F1, reflect-
ing our design: the pipeline first applies deterministic, evidence-
backed repairs and escalates to aggressive transformations only
after development-set validation, suppressing false positives.

The largest gains appear on flight, tax, rayyan, andmovies, where
LLM reasoning compiled into executable code can be applied uni-
formly at scale. flight’s systematic time-format errors let TabClean
lift F1 over Baran from 0.32 to 0.81, and tax’s regular formatting
and canonicalization errors let a single synthesized program reach
0.99 F1. On rayyan and movies, TabClean still leads by combining
structural repairs with cautious normalization, though recall trails
tax because remaining errors lie in weak-evidence fields such as
author lists, pagination, free-form descriptions, and identifier-like
attributes. On hospital, IterClean edges out TabClean in F1 (0.95
vs. 0.87) by recovering more dirty cells, though TabClean matches
its perfect precision at a fraction of the LLM cost.

Several baseline entries remain at 0.00 because the evaluation
gives credit only for exact matches to the benchmark ground truth.
Holistic makes no repairs on flight,movies, and rayyan; Cocoon and
IterClean sometimes make plausible normalizations on zero-score
datasets, but none of those repaired dirty cells exactly match the
expected clean values, yielding no true positives.

3.3 Efficiency and Cost

TabClean remains practical despite multiple cooperating agents
(Table 3): LLM calls concentrate in diagnosis, planning, and code
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Table 2: Data cleaning performance (Precision, Recall, and F-1) across different benchmarks. Higher is better.

System hospital flight beers tax rayyan movies

P R F P R F P R F P R F P R F P R F

Holistic 0.98 0.22 0.36 0.00 0.00 0.00 0.78 0.02 0.04 0.75 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Baran 1.00 0.54 0.70 1.00 0.19 0.32 1.00 0.78 0.88 1.00 0.73 0.84 1.00 0.22 0.36 1.00 0.67 0.80
Cocoon 1.00 0.42 0.59 0.00 0.00 0.00 1.00 0.03 0.07 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
IterClean 1.00 0.91 0.95 0.00 0.00 0.00 1.00 0.60 0.75 0.03 0.01 0.02 0.01 0.00 0.00 0.21 0.05 0.08
TabClean 1.00 0.77 0.87 1.00 0.68 0.81 1.00 0.89 0.94 1.00 0.98 0.99 1.00 0.85 0.92 0.99 0.83 0.91

Table 3: End-to-end wall-clock runtime on each benchmark.

Lower is better. Units: s=seconds, m=minutes, h=hours.

System hospital flight beers tax rayyan movies

Holistic 23s 25s 26s 10.6h <1s <1s
Baran 8.7m 8.7m 8.1m 89.8h 3.2m 80.7m
Cocoon 15.6m 3.2m 7.2m 16.9m 11.8m 17.9m
IterClean 2.1h 5.2h 58.3h 140.9h 71.0m 5.92h
TabClean 40.1m 13.4m 9.32m 4.42m 32.4m 16.0m

Table 4: LLM token usage (thousands) and API cost for LLM-

based systems. Lower is better.

System Dataset Input (K) Output (K) Cost ($)

Cocoon hospital 14 78 0.16
beers 8 32 0.07
flight 5 14 0.02
tax 20.1 71.8 0.15
movies 21 65 0.13
rayyan 12 50 0.10

IterClean hospital 3,727 3,571 8.07
flight 1,303 1,553 3.43
beers 7,560 13,096 28.08
tax 87,251 36,643 93.49
movies 13,807 1,633 6.72
rayyan 1,008 303 0.85

TabClean hospital 520 143 1.98
beers 196 37 0.49
tax 25 8 0.08
flight 337 53 0.79
movies 298 66 0.79
rayyan 599 138 1.66

synthesis, after which cleaning runs as ordinary Python rather than
invoking an LLM per row. Compared with Baran, TabClean cuts
tax runtime from 89.8 hours to 4.42 minutes while lifting F1 from
0.84 to 0.99. It also beats IterClean on beers (9.32 minutes vs. 58.3
hours) at higher F1. Holistic is faster on several small datasets, but
its recall is too low to offer comparable quality.

The runtime profile also reflects dataset difficulty. tax finishes
after one iteration because its errors are highly regular, whereas
hospital and rayyan require more refinement rounds and therefore
longer end-to-end time. Even so, total runtime stays in the tens
of minutes—practical for offline use and far better than repeatedly
prompting large tables.

Table 4 highlights the economic advantage of compiling LLM
reasoning into reusable code. TabClean stays below $2 on every
reported dataset and drops to $0.08 on tax. On flight and beers, Tab-
Clean uses only 23% and 1.7% of IterClean’s API cost respectively
while achieving higher F1. The gap should widen further on large
datasets like tax, since IterClean repeatedly feeds whole tables to
the LLM across rounds, whereas TabClean pays the reasoning cost
once to synthesize a reusable program and then executes it cheaply
at scale. As the same schema reappears or the dataset grows, the
marginal LLM cost of applying the resulting program is zero.

Table 5: Required human input per dataset.

System Required Human Input Avg. Time

Holistic Denial constraints / FDs (∼5–10 rules) 1–2 h
Baran Cell labels on 20 tuples (active learning) 5–10 min
Cocoon None 0
IterClean Cell labels on 5 seed tuples 2–5 min
TabClean Cell labels on dev set (∼100–400 rows) 1–2 h

A third dimension is human labor. Table 5 summarizes what
each system asks of a user per dataset. TabClean requires more
up-front annotation than Baran or IterClean because it labels a
small development set rather than a few seed tuples. However, this
cost is amortized: the synthesized program is reused on every future
table with the same schema without further annotation or LLM
calls. Baran’s labels, by contrast, are consumed by a dataset-specific
model and do not transfer. Cocoon and IterClean instead shift the
labor cost to recurring per-table LLM spend, with IterClean alone
charging $28 on beers (Table 4). Holistic incurs comparable up-front
effort but requires a SQL-literate expert to author denial constraints,
whereas cell labeling needs no formal-logic expertise.

4 CONCLUSION

We presented TabClean, a training-free tabular data cleaning sys-
tem that reframes LLM-based cleaning as a program synthesis prob-
lem. Rather than invoking an LLM per row or per table pass, a multi-
agent pipeline produces a reusable Python cleaning program from a
small annotated development set, validates it against ground-truth
labels, and applies it to every future table sharing the same schema,
reducing marginal LLM cost to zero after the first run. Experiments
on six benchmarks show that TabClean matches or exceeds state-
of-the-art cleaning quality while substantially reducing end-to-end
runtime and LLM cost compared with prior LLM-based approaches.
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