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Abstract

In this paper, we present an implementation of Sentence-to-Model,
a scalable automated data collection system. Data collection has
been traditionally hard to automate, due to the unstructured
nature of the task. Our system employs a synergetic approach
that combines LLM agents with active learning. The input to
the system is a natural language query specifying a data science
need, without an available dataset, and the output is the outcome
of the data science process — namely, a tabular dataset with an
accompanying prediction model. The use of LLMs enables the
handling of unstructured data, while active learning allows for
prioritizing costly LLM calls. Data collection automation has
the potential to empower data science research and empirical
research more broadly. This work is a first step toward achieving
this goal.
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1 Introduction

Data collection is the starting point of every data science project.
Unfortunately, it requires expertise and reasoning capabilities
[16], which classical algorithms struggle to provide [34]. The task
might require arduous and repetitive work, and a semantic un-
derstanding in to identify the relevant sources. As a consequence,
problems without a pre-existing structured dataset often remain
unexplored.

At the same time, relevant information often exists - whether
online or within organizations’ internal network — but it is buried
in large, unstructured sources that are ill-suited for predictive
modeling. While LLMs can be pretrained on such raw input,
they still fall short in performing robust relational reasoning be-
tween features and variables [44]. In contrast, specialized tabular
models, such as XGBoost [13], excel at these tasks, consistently
outperforming the alternatives in this setting [8, 22]. Because
these models require structured tables as input, transforming
fragmented and unorganized sources into tabular form is, there-
fore, essential for building reliable models.

Recent advances in large language models (LLMs) offer new
opportunities for solving this non-trivial task [49]: their semantic
understanding and reasoning capabilities make it possible to find
relevant data sources and transform them into structured datasets
with minimal case-specific engineering [1, 9].
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Building on these advances, we introduce Sentence-to-Model, a
modular architecture for automated data collection powered by
LLM agents and complemented by a novel active learning—based
algorithm to ensure cost-effective use of LLMs. By selectively
guiding LLMs to focus only on data that is valuable for down-
stream model training, our system avoids redundant processing
and reduces the expenses of LLM usage and the impact of rate
limits. The architecture enables autonomous exploration of struc-
tured and unstructured sources on the web, in knowledge graphs
(KGs), and/or by searching in an internal network of an organiza-
tion. Our system aims to cover a broad family of data collection
tasks (see Section 2.1) and is easily extendable.

Our system is applicable in the setup of large e-commerce
companies, where huge amount of data is coming from differ-
ent sources, both external and internal. The internal data in-
cludes combination of product data that include structured el-
ements such as attributes and unstructured data such as title
and description with user-generated content such as product
reviews, together with user-behavior data (purchase history and
co-views/clicks). The external sources include general market
and industry trends, social media reviews, manufacturers infor-
mation and more. All this requires systems that help to automate
the data collection tasks in order to solve downstream tasks us-
ing machine learning models. Assume an example of a given a
natural-language request (e.g., “given the internal product data
and purchase history, and publicly available sources create a dataset
of compatible products that are trending and should be advertised
together or sold as a bundle”), the system outputs two artifacts: the
final dataset and a machine learning model trained on the dataset.
The proposed architecture allows the user to travel from a data
science need to the end of a data science process with minimal hu-
man effort. A demonstration of Sentence-to-Model was recently
presented in [18], but it provided only a brief description of the
system, whereas this paper provides the theoretical foundations
and algorithms underlying it. Toward this goal, we combine two
powerful paradigms: LLM agents and active learning (AL).

The first pillar our design relies on is the LLM agent. Large lan-
guage models (LLMs) have become a transformative technology
across diverse domains, due to their ability to understand and
generate human-like text [41]. To extend these capabilities and
to enable autonomous interaction with external environments,
LLM agents have been introduced [61]. In this paradigm, the
LLM serves as a reasoning and planning core, while external
tools - such as search, retrieval, and code execution - serve as its
interface to the world.
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Recent multi-agent systems, such as AutoData [40], further
demonstrate how coordinated LLM agents can automate large-
scale data collection from the open web. Our architecture uses
LLM agents to carry out data retrieval and extraction tasks on
web sources, KGs, and organizational networks - converting raw
inputs into structured tables of entities - with labels and features,
based on the requested prediction task. This design combines the
flexibility of LLM-driven exploration with cost-sensitive filtering
in the rest of the pipeline.

The second pillar in our design is active learning. Automated
data collection under budgetary constraints requires determining
which data points to enrich and what information to acquire
for them. This challenge arises both in classical active learning,
where the missing information is a label [52], and in cost-aware
feature acquisition, where one or more features are missing and
costly to obtain [32, 58, 63]. While traditional feature acquisition
methods focus on collecting features for test samples at inference
time to improve prediction confidence, the recently proposed
POCA framework [4] shifted the focus to acquiring features for
training samples, aiming to improve model generalization under
partial observability.

Our approach follows POCA’s line of research but reinter-
prets it for the context of automated, LLM-driven data collec-
tion. We adopt POCA’s formulation of the feature acquisition
task—deciding which missing features to acquire to best enhance
the model—but redefine the underlying cost model to reflect the
real expense of invoking LLM agents for data retrieval. Unlike
prior work that measures cost purely by the number of features
acquired, we account for the computational and financial costs
of accurate LLM-based enrichment. To ensure scalability, we
combine principles from active learning [54] and coreset selec-
tion [26] to prioritize the most informative and representative
samples for enrichment. This targeted, cost-aware prioritization
enables efficient and generalizable data acquisition, forming a
key component of our automated data collection pipeline and
serving as a versatile module that can be seamlessly integrated
into other pipelines seeking cost-effective and intelligent data
enrichment.

1.1 Our Approach

Motivation. In this paper, we inquire into the way recent ad-
vancements in LLMs can be incorporated to streamline automated
data collection. We believe that by considering the right tools for
different parts of the pipeline, we can largely improve the utility
of the proposed method. This task is of practical importance to
data scientists to quickly engage with hypotheses about statis-
tical correlations in the real world, with minimal friction. We
identify two types of broad classes of sources of data, batched
sources and entity sources (Section 2). Batched sources, such
as knowledge graphs (or tables of entity features on websites,
though we find those less common), and entity sources, sources
where each entity is found on a different page. These data sources
require different treatments. We propose a schematic approach
to Al-assisted data collection. The batched sources can be used
to bootstrap the table, while entity sources can be used to en-
rich them one by one, with Al extracting them one by one. The
last component that we incorporate into the system is prioriti-
zation, to avoid natural problems that arise when we engage in
Al-assisted scraping of data, rate limits (relevant for scraping
in general) and LLM costs. We employ an active learning-based
approach to decide on the right entities to choose, in order to

Einy et al.

reduce the uncertainty of the predictive power of the table we
extract, given a pre-defined extraction budget.

System Design. Given a user query, our system requires the
following four components, as depicted in Figure 1. Their roles
are the following:

(1) Explorer: An agentic Al module whose role is to identify
tabular data in the sources used to bootstrap the dataset.
This initial dataset is populated with features found in
batched sources. In addition, the Explorer generates in-
structions for the Extractor. In their advanced form, these
instructions can be reusable scraping scripts.

Prioritizer: Analyzes the retrieved data to rank entities
(data rows) by their importance for effectively modeling
the target task.

Extractor: Iteratively enriches the prioritized entities with
additional features, processing one entity at a time. To do
this in a cost-effective manner, we rely on the prioritiza-
tion in the Prioritizer. The Extractor relies on instructions
generated in the Explorer to guide its work.

Modeling: Automatically trains a machine learning model
on the resulting structured dataset.
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Our system marries the flexible nature of LLMs with algorith-
mic approaches from data science. Moreover, other LLM systems
might also benefit from a similar marriage. Since prioritization
is crucial for effective planning in general cases, variants of our
approach can be beneficial for information-seeking agents in
other contexts.

The artifacts of Sentence-to-Model can be used as-is if the
output satisfies the user. Otherwise, the method can serve to test
data hypotheses. The accelerated data collection process opens
up new opportunities for data scientists to perform a more open-
ended process — data collection exploration — a symbiotic human-
machine process of back-and-forth experimentation, which helps
identify the appropriate compromise between data needs and
available data. We can map out where human effort is still re-
quired and/or refine user needs.

Contributions. To summarize our contributions:

o Sentence-to-model’s demo paper [18] is the first, to our
knowledge, alongside the contemporaneous [40], to ex-
plore the use of Al agents to automate tabular data collec-
tion in the open-domain context.

e We propose a generic system design suitable for the task
that plays to the complementary benefits of LLMs and tra-
ditional data science algorithms. We implement a concrete
workflow adhering to this design, and evaluate it on three
data collection tasks.

o We propose a novel algorithm for active feature acquisition
for tabular data, which we evaluate individually and as
part of the entire pipeline. The implementation details
and the evaluation of the algorithm are elaborated in our
technical report [17].

2 Setup

This section formalizes the input query structure and describes
the data collection tasks addressed by the system, along with the
structured and unstructured data sources it utilizes.

2.1 Input Query

The query specifies a tabular data collection task in natural lan-
guage. For concreteness, we concentrate on the family of data
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Figure 1: System Overview

collection tasks that can be described by a 2-tuple (D, T), where D
is a domain of entities (e.g., “Basketball players”), and T is a target
feature (e.g., “salary”). Each entity is represented by exactly one
row in the dataset. The query is stated in natural language rather
than a 2-tuple for user convenience at no cost (as the system
operates in natural language regardless). Filtering criteria can be
absorbed into the entity description (e.g., “Basketball players born
after 1980”). Target transformations can be absorbed into the
target description ( “Player’s weight-to-height ratio”). Our system
is easily adaptable to data collection tasks beyond this scope.

2.2 Data Sources

Data sources are divided into two broad categories.

Batched (Table) Sources. Table Sources are sources where one
page (one web page that can be scraped, one SPARQL query,
one SQL query, a REST API endpoint, etc.) contains features for
many entities simultaneously. These sources are the most eco-
nomical because the retrieval cost is independent of the number
of entities returned; a single request can yield thousands of data
points without a proportional increase in overhead. When the
Explorer finds tabular sources, it will extract them immediately
programmatically to ensure robust extraction.

We can, for instance, query the DBPedia knowledge graph
(KG) [5] to retrieve a comprehensive table of NBA players and
their attributes. To identify which features to include, the KG can
be traversed starting from a representative entity; this allows for
the discovery and aggregation of properties and relations that
are relevant for our task.

Entity Sources. In entity sources, on the other hand, informa-
tion is spread across multiple pages, and each entity requires
access to a separate page. For example, IMDB contains one page
per movie. The Explorer does not extract directly from entity
sources, as this is costly. Instead, it discovers site-level navigation
patterns by anchoring on multiple sample entities. These pat-
terns are used later by the Extractor to fetch entities one-by-one
(according to prioritization).

3 PartI: System Design

In this section, we will elaborate on the proposed architectural
design. The design complies with many traditional software
engineering principles, such as modularity and encapsulation.
The subsystems of the pipeline are loosely connected micro-
components. Their implementation is encapsulated, and each
component has a specific role, requiring only that it satisfies
a contract about its inputs and outputs. With each component

substitutable and extendable in isolation, this makes the design
extremely modular, extendable, and even incorporable into other
systems. In the following subsections, we start by describing each
subsystem’s role and motivation, and follow with the specifics
of the implementation we examine in the current paper’s experi-
ments. The specific implementation is detailed in Figure 2.

3.1 Explorer

3.1.1 Role. The role of an Explorer component is to ingest the
user’s natural language query and output a dataset obtained from
table sources, and an optional list of instructions for future ex-
traction of entity sources. This task can benefit from LLM-based
semantic skills and agentic capabilities. The Explorer operates
through a streamlined pipeline with two parallel discovery paths:
one for table sources and another for entity sources. At the end
of the process, the Explorer outputs an initial dataset constructed
from the table sources. The Explorer can also output a list of
instructions that the Extractor can use. The format of the instruc-
tions is not constrained by our design, and it can be any of the
following, or any other format:

o Scraping Script: A code that accepts an entity name and
outputs the requested features.

Natural Language Instructions: These are clear, actionable
natural language instructions given to a simple ReAct
agent [61] with a curated set of efficient tools. This allows
for greater flexibility and fault-tolerance than a scraping
tool, but it is bottlenecked by the costs of using an LLM,
though simple instructions enable using smaller language
models, reducing costs significantly.

Feature List: This is a small list of strings, representing
the features that the extractor needs to extract, without
explicit instructions on how to do that. To extract these
features, we use an LLM agent that can answer general
questions via web search.

Instructions should be validated and tested for robustness. The
Explorer is, generally speaking, expected to perform all the explo-
ration of the external sources, including validating their perfor-
mance, making the Extractor’s work as predictable and mechani-
cal as possible. For robustness, it is advisable that the Explorer
check the instructions on a small representative set of entities,
either by code execution (for scraping scripts), ReAct (for natural
language instructions), or question answering over the web (for
feature list “instructions”).

3.1.2  Implementation. We find that many of the interesting ta-
ble sources are contained in DBPedia [5], which is a relatively
reliable data source. Therefore, we design a SPARQL agent with
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access to SPARQL execution tools, inspired by the SPINACH
agent for SPARQL [38]. The agent generates a SPARQL query
that retrieves the requested entities, their target feature, and
additional attributes, excluding entities with missing target val-
ues. For Extractor instructions, the LLM examines the existing
columns and outputs a list of six missing features.

3.2 Enrichment

The enrichment process consists of two components with com-
plementary roles. A prioritization algorithm that decides on an
ordering of entities and an extraction agent that executes feature
extraction based on the prioritized list.

The system operates under budgetary constraints, which raises
the need for the prioritization stage. There are three main reasons
for those constraints. First, certain websites have rate limits that
prevent scrapers from sending unlimited queries. If the website
contains one page per entity, we need to choose which entities to
extract. Second, the extraction of unstructured data, such as text
(for instance, an entity’s Wikipedia page), is difficult to streamline
and requires semantic understanding. To obtain these features
robustly, it is generally recommended to use an LLM. To keep
costs in check, we must set a cap on the number of calls allowed.
Third, we want to minimize latency for the user. To promote
use in practice, our system must be responsive and return useful
artifacts in the minimal time possible.

Prioritizer. The Prioritizer is a prioritization algorithm that
decides which entities are most urgent to explore further. The
input to the Prioritizer is the current state of the dataset, and the
output of a single Prioritizer step is the next entity to enrich. Each
step of the Prioritizer is followed by an Extractor step that fills
the relevant row of the dataset using data from external sources.

Intuitively, the more uncertain the model is about an entity,
the more important it is. Our formal metric for quantifying the en-
tity’s importance is the gain in the accuracy of the model trained
on the data with this entity’s features. Since we cannot quantify
this directly, we use uncertainty as a proxy, in a similar spirit
to approaches from active learning. We defer a more detailed
discussion of the algorithm to our technical report [17].

Extractor. An Extractor step consists of extracting the features
of the entity assigned by the Prioritizer. The Extractor also takes
in the Explorer’s instructions and follows them on the requested
entity and features. For example, if the instruction format is
a script, this means running the script. In the case of natural
language instructions, this means running a ReAct agent with
these instructions. In the case of a list of features, a web-based
question answering is performed. In our implementation, we use
Tavily! for web-based question answering, to search information
about each prioritized entity online, entity by entity, and then
complete the list of features based on it. In case the value of a
certain feature is not found, it is completed by the LLM’s best
guess.

Modeling. An automatic machine learning pipeline is applied
to the dataset. Performance is evaluated using cross-validation.
The modeling part takes as input the dataset and trains an XG-
Boost model on the dataset.

Ihttps://www.tavily.com/
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4 Part II: Prioritizer Architecture

In data-limited scenarios with partially observed features (e.g.,
data from our Explorer), the objective is to maximize predictive
performance gains by strategically acquiring missing informa-
tion under a constrained budget. This section formally defines
the prioritizer problem and reviews existing solutions that serve
as ablations in the development of our composite algorithm, Ex-
tendTab. Full implementation details, the algorithms, and an eval-
uation of ExtendTab against these ablations and other relevant
baselines are presented in the technical report [17].

4.1 Motivation

Data extracted from web sources and knowledge graphs (KGs)
is inherently incomplete, leading to substantial gaps in feature
availability. This problem intensifies when merging multiple data
sources, where missing values accumulate, resulting in increased
data sparsity. Additionally, certain data segments (subsets of data
grouped by similar characteristics) are more challenging to clas-
sify than others. Some segments require richer information (i.e.,
additional features) to achieve satisfying classification accuracy,
while others can be classified confidently based on a small set of
features. Given a limited budget for acquiring additional features,
our goal is to maximize predictive performance improvements by
selectively enriching the dataset. Our proposed framework imple-
ments a cost-effective strategy for feature acquisition, selectively
enhancing data based on predictive utility.

Entity Prioritization. Entity (row) prioritization is the first step
in our enrichment process. The Prioritizer determines which en-
tities should be enriched with additional features and ranks them
by importance, using our prioritization algorithm, ExtendTab.

Prioritization Strategy. At a high level, ExtendTab trains a de-
cision tree model and uses the model’s prediction uncertainty to
quantify the importance of enriching an entity with additional
information. The more uncertain the model is about a given
entity, the higher its priority for enrichment. This approach en-
sures that entities contributing most to classification difficulty
receive additional feature augmentation. The process is further
refined through an online feedback loop that dynamically adjusts
prioritization as new data becomes available.

Due to our system’s modularity, ExtendTab can be easily de-
ployed independently in other systems that require cost-effective
prioritization for tabular data enrichment. In addition, ExtendTab,
as well as the other components of our framework, can be seam-
lessly replaced to incorporate future tools into the system.

4.2 Problem Statement

Partially Observable Cost-Aware Active Learning [4], POCA
for short, is a recently proposed problem that focuses on improv-
ing the predictive performance of a supervised model py (y|x)
trained on a set of samples {(x;,y;)}1_, in a setting where sam-
ple features are partially observed (missing in the data) and
features can be acquired (obtained) for a certain cost.? Each
sample consists of a set of features x; = {x;; }jzl indexed by
jeJl ={1,...,J} and a label y;. We denote by x;, the set of
observed features with o C [J], where o potentially depends
on i. In POCA, the goal is to choose the missing table cells to
acquire in order to optimize a utility function U, (-) subject to a
cost constraint r,(-) at iteration ¢. U, () quantifies the tradeoff

The definition also allows for samples with missing labels but this is less relevant
to the Prioritizer as defined here.


https://www.tavily.com/

Automating Efficient Data Collection through the Synergy of Agentic Al and Active Learning

- Field Goal Percentage

- Three-Point Percentage
- Free Throw Percentage
- Minutes per Game

Data Registry

Instruction Registry

EDBT 26, 24-27 March 2026, Tampere (Finland)

Name IHelghtI I \
“ - Choose Entity
Sl S EEY

New Features

Figure 2: Sentence-to-Model implementation in this paper

between the costs of data acquisition and the increased general-
ization capabilities of the model py. Thus, the POCA’s objective
is:

(i, j)* = argmax U (i, j), s.t.r:(i, j),

ie[Ilj<(J]

where (i, j) indicates a set of sub-indices i, j C [I, J]. Exact
optimization of the above objective is infeasible, as one would
have to acquire and compare all sets of features. Therefore, one
needs to adopt a heuristic that uses the available information x; o
to estimate the utility of the hypothetical acquisition of a specific
set of features.

To the best of our knowledge, the recent work [4], which has
introduced the POCA problem statement, is the only proposed
solution addressing the problem defined above. The paper [4]
operates under a well-justified but different cost model from ours.
Their cost model suppresses LLM costs and considers only hu-
man labor costs. They estimate cell uncertainty as the variance
between multiple LLM completions per cell.® Then, after estimat-
ing the uncertainty of all cells, they prioritize the completion of
the most uncertain cells by humans, which constitute a far more
expensive “resource”. This approach is less natural in our setup,
as in our fully automated pipeline, LLM calls are the main cost.

Cell vs. Entity Prioritization. A key distinction in prioritization
strategies is between entity-based and cell-based enrichment.
In our automated setup, the primary cost often involves iden-
tifying and accessing data sources related to a specific entity
(sample or data row). Once accessed, it often contains multiple
features. Hence, entity-based prioritization aligns naturally with
our computational cost structure. Furthermore, entity-based pri-
oritization better reflects some real-world scenarios where the
incremental cost of obtaining comprehensive information for
a single entity, such as requesting multiple medical tests from
a patient, is often negligible. Thus, we focus our prioritization
strategy on the entity-level ([4] approaches this objective with a

3LLM calls are non-deterministic when called in sampling mode.

cell-level-based cost model). The decision is to choose a subset of
rows (entities) I* C [I] to extend, where the cost r is simply the
number of rows chosen in I*. This cost must be under a budget
B. Thus our problem statement is:

I'=argmaxU(I'), s.tr(l')=|I'| <B.

rei

Where I* is the optimal set of sample indices chosen for acquisi-
tion, and U (I") is the utility gained from acquiring all currently
missing features for the set of samples I'.

4.3 Introduction to The Proposed Algorithm

We propose a new prioritization strategy based on approaches to
similar problems: coreset selection [20] and active learning (AL)
[52].

Coreset selection and AL improve data efficiency by selecting
representative subsets of samples [20] or prioritizing the label-
ing of informative instances [52], respectively. They facilitate
training with reduced subsets that retain essential structural prop-
erties. However, there is an important distinction between the AL
and coreset selection problems and our POCA setting. While AL
and coreset selection methods aim to efficiently choose samples
from fully observed feature spaces, our objective differs: we seek
samples to enrich by acquiring additional missing features in
partially observed data.

e Active Learning (AL) [52]: A machine learning approach
where the model iteratively queries for labels of samples
from a batch of unlabeled samples, to enhance accuracy.

e AL Uncertainty Sampling [54]: A key strategy to per-
form AL, where the model selects samples for labeling
based on uncertainty metrics.

e Coreset Selection [20]: Aims to maximize model gener-
alization using a limited-sized training set.

e CoreTab [26]: A powerful coreset selection algorithm
specifically designed for tabular data classification.
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While these approaches are designed for choosing a represen-
tative subset of samples to train a prediction model with fully-
observed features, their algorithmic approach can be adapted to
our scenario.

To address this, we propose adapting key elements from AL
Uncertainty Sampling and CoreTab, formulating a simple yet
effective prioritization algorithm.

Our proposed algorithm, ExtendTab, is a novel, two-phased

prioritization strategy for the POCA problem under a row-based
cost model. The algorithm first employs a tabular datamap [26],
which offers a principled way to group structurally similar sam-
ples based on a classifier’s decision boundaries, and assess each
group’s classification difficulty. Using this information, ExtenTab
selects an initial sample set that preserves the dataset’s repre-
sentativeness while prioritizing hard-to-learn instances. It then
transitions to an iterative Uncertainty Sampling loop to select
subsequent samples based on predictive uncertainty.
The ExtendTab-FreeSize variant introduces an early stopping
rule to terminate enrichment when marginal validation perfor-
mance gains stagnate. Details and evaluation are in the technical
report [17].

5 Experiments

We evaluate our system through the complete Sentence-to-Model
pipeline in realistic data collection scenarios. This evaluation sep-
arately examines: (1) the Explorer, which identifies and retrieves
relevant data sources, and (2) the Extractor that retrieves the
required missing features, using a web search tool. The Extrac-
tor was tested both with and without the Prioritizer to measure
the added benefit of budget-aware enrichment. We execute the
system on an example set of user queries spanning different
domains:

(1) Predict NBA All-Star selections.
(2) Identify top 10% box-office films.
(3) Classify endangered animal species.

Evaluation of our prioritization algorithm, ExtendTab, against
ablations and baselines are provided in the technical report [17].

5.1 System Evaluation

We experiment the complete Sentence-to-Model system end-to-
end, evaluating its ability to automatically construct task-specific
tabular datasets from natural-language queries and train predic-
tive models on the resulting data. To demonstrate the generality
of our approach, we select three representative user queries span-
ning distinct domains:

e Q1: Create a dataset of NBA players to predict whether a
player will be selected as an All-Star.

® Q2: Create a dataset of films to predict which will achieve
top 10% box-office success.

e Q3: Create a dataset of animals to predict which species
are endangered.

5.1.1 Explorer Experiments. One of the roles of the Explorer is
to provide a usable starting point for the system by retrieving
entities and labels from a reliable data source. In the experiments
presented here, it retrieves these from DBpedia [5] (Wikipedia-
derived), ensuring that the entities and labels underlying our
results rely on verifiable data rather than LLM-generated content.
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Even when only entities and labels are retrieved, the system
can still complete its Sentence-to-Model task via feature col-
lection by the Extractor. We therefore evaluate the Explorer ac-
cording to two criteria: (1) the number of (entity, label) pairs
successfully retrieved, and (2) the predictive performance (F;
score) of models trained solely on the Explorer-retrieved dataset,
before any feature extraction. Table 1 summarizes these results.

Table 1: Performance of the Explorer. For each query, we
report the number of (entity, label) pairs retrieved and the
F, score of a model trained on the dataset prior to enrich-
ment.

Query Entities + Targets | F; Score
Q1: NBA All-Star 10,000 0.1038
Q2: Film Box Office 4,761 | 0.6481
Q3: Animal Endangerment 3,168 0.0000

Retrieved features and completeness. The Explorer retrieved the
following features by scraping DBpedia. For each feature, we
report the proportion of existing (non-missing) values.

e NBA: Player URI (100%), player name (100%), Has All-Star
Selection (100%), dirth date (98%), Height (78%), Position
(100%), awards (68%), teams (37%).

o Films: film (100%), film label (100%), box-office-class (100%),
director-label (89%), cast-label (97%), budget (64%), genre
(100%), runtime (100%), language-count (100%), production-
company-count (100%), release-year (10%).

e Animals: animal (100%), endangered-status (100%), weight-
range (35%), life-span (11%).

These tables provide a usable yet highly incomplete founda-
tion for modeling. The Explorer, implemented as an LLM agent,
goes beyond data retrieval: leveraging both the information it
has gathered in the exploration and its internal world knowledge,
it reasons about which additional features are most likely to im-
prove downstream model performance. As described in Section 2,
the Explorer then selects six new features for each dataset—those
expected to yield the highest predictive gain—and instructs the
Extractor to obtain their values for each prioritized entity through
web search using the Tavily API*.

The selected features for each experimental task are:

o NBA All-Star Prediction: Field Goal Percentage, Three-
Point Percentage, Free Throw Percentage, Minutes per Game,
Defensive Rebounds per Game, Steals per Game.

o Film Success Prediction: Average Critic Rating, Audi-
ence Rating, Number of Reviews, Marketing Budget, Award
Nominations, Release Country.

e Animal Endangerment Prediction: Primary Predators,
Reproductive Rate, Habitat Range, Breeding Habits, Human
Impact, Climate-Change Effects.

Through this process, the Explorer evolves from a data re-
triever into a strategic planner. It interprets its findings, identifies
informative missing attributes, and delegates their acquisition
to the Extractor, thereby converting an incomplete knowledge-
graph snapshot into a targeted, reasoning-driven enrichment

plan.

4https://www.tavily.com/
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5.1.2  Extractor Experiments. The Extractor constitutes the final
stage of the data-collection pipeline. Building on the feature-
selection plan produced by the LLM-based Explorer, it completes
all the features it is tasked to acquire for each prioritized entity.

The Extractor’s performance reflects the effectiveness of the
entire Sentence-to-Model framework in an end-to-end setting.
Its success depends on both the availability of web-accessible
information and the relevance of the features chosen by the
Explorer. To quantify the Extractor’s contribution, we evaluate
the F1 score of predictive models trained on datasets enriched by
the Extractor, and report the gain (A) over models trained on the
Explorer-only dataset. This highlights the incremental value of
feature acquisition via the Extractor.

We assess performance under two conditions: (1) with sample
prioritization using the Prioritizer (i.e., ExtendTab), and (2) with
full table completion, where the Extractor is applied to the entire
initial dataset (represented by the last row in each block of Ta-
ble 2). The first setting reflects realistic usage of the system with
cost-sensitive enrichment, while the second isolates the Extrac-
tor’s capabilities when enrichment regardless of prioritization.

As shown in Table 2, the Extractor consistently improves per-
formance across datasets and core set sizes. The six extracted
features are selected by the Explorer-Planner-LLM (Section 2),
and populated using web-assisted LLM extraction.

Notably, ExtendTab-based selection outperforms random sam-
pling in nearly all cases, underscoring the benefit of informed
prioritization. These results confirm the utility of our system’s
modular architecture, demonstrating that reliable and meaning-
ful model improvements can be achieved through LLM-driven
retrieval, prioritization, and extraction.

6 Future Work

The immediate purpose of Sentence-to-Model is data collection
for a task. The greater vision is to become a tool in the data sci-
entist’s toolbox. To clarify this vision, we demonstrate potential
venues we intend to extend and use our work.

Extending Toolbox. The current implementation serves as a
proof of concept but can be readily extended. Its modular de-
sign allows seamless integration of new capabilities for unstruc-
tured and semi-structured data retrieval—such as web crawlers,
domain-specific APIs, or extraction modules for organizational
data. Future iterations may enable the same reasoning and pri-
oritization framework to operate across a broader ecosystem of
sources. By providing well-defined interfaces between its compo-
nents, the framework establishes a flexible foundation for increas-
ingly sophisticated and cost-aware automated data collection.

Prediction Needs. Prediction needs are ubiquitous even outside
data science. Prediction markets, for example, embody the human
drive to seek answers. Sentence-to-model takes a dataset question
and outputs a prediction model. It can be easily extended to start
from a particular question (“What will be Michael Jordan’s salary
in 20307”). Behind the scenes, the system will transform the
problem into a dataset problem (“Create a dataset for predicting
basketball players’ salaries throughout their career.”), and then run
the prediction model on the specific entity’s features.

Prediction via Generalization. Our system’s setup as-is is non-
robust when data is unavailable or the requested target is missing.
One way to remedy this is by casting the problem as a subset of
a more general problem and using data that is available online
to train a model on the general task. For example, assuming our
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Table 2: Extractor performance (F1 score) on core sets of —
10%, 20%, 33.3%, 50%, 75%, and 100% of the training data. A is
the F1 gain of ExtendTab over the Explorer-only baseline
(using all training samples of the Explorer’s retrieved set).
The last row in each block reports results for ExtendTab-
FreeSize compared to a random subset of the same size.

Dataset Size ExtendTab Random A
237 0.3578 0.3616 +0.3578

475 0.4589 0.3664 +0.4589

Animals 792 0.4531 0.3964 +0.4531
1188 0.4519 0.4252 +0.4519

1782 0.4636 0.3529 +0.4636

2376 0.4393 0.4393 +0.4393

FreeSize 2288 0.4275 0.4021 +0.4275
740 0.3548 0.1853 +0.2510

1480 0.3938 0.2389  +0.2900

NBA 2467 0.3730 0.2521 +0.2692
3700 0.3598 0.3408 +0.2560

5550 0.3670 0.3193 +0.3670

7401 0.3917 0.3917 +0.2879

FreeSize 1388 0.4793 0.2021 +0.3755
357 0.5985 0.5362  -0.0496

714 0.6346 0.6301 -0.0135

Films 1190 0.8115 0.6891 +0.1634
1785 0.8472 0.7705 +0.1991

2677 0.8609 0.7854 +0.2128

3570 0.8384 0.8384 +0.1903

FreeSize 2785 0.8993 0.7991 +0.2512

task is to predict the results of an election in Narnia, where data
is missing, the agent can drive a meta-exploration to find data
for other election races. Then, based on the generalized task, a
first-order prediction is provided automagically. An LLM can
be used to automate the planning steps required for exploring
potential generalizations.

The Waze of Data Collection. Sentence-to-Model helps to de-
mocratize the data collection process. Crowdsourcing can help
us gain meta-insights on the process. We can request users to
track the journeys taken by the framework on their requests.
The journeys can be later analyzed with the help of manual or
automated work. The goal of the analysis is to identify common
pitfalls as well as strategies that proved useful across journeys
and to compile a list of suggestions for the Planner to improve
future journeys. Moreover, subgoals shared by multiple tasks can
be cached for the future.

MCP Access. Sentence-to-model can be exposed as a tool us-
able by chatbots. A standardized way to expose tools in a easy-to-
use way is called the Model Context Protocol (MCP [2]). More-
over, we can make the subsystems and even internal tools used
by the subsystems available via MCP. This allows for a more
granular access to the system and facilitates utilizing features of
the system in isolation. For example, through MCP, translating a
question about Michael Jordan, into a data science problem, as
discussed in Prediction Needs above, becomes trivial.



EDBT 26, 24-27 March 2026, Tampere (Finland)

7 Discussion and Limitations

The system implemented is still in its early stages. Fortunately,
the design is modular and easy to extend, and each of its parts can
easily be replaced. A major limitation of the current implementa-
tion arises when the required information is simply unavailable.
While we discuss possible mitigations to this challenge in Sec-
tion 6, further work is needed to enable the system to handle
such cases seamlessly—without requiring prior knowledge of
whether a task is feasible. At present, as our Explorer component
supports only knowledge-graph—based retrieval, its applicabil-
ity is confined to entities represented within such structured
resources. Although DBpedia encompasses many entities, this
still restricts the range of prediction problems the system can
currently address.

Another limitation relates to temporal consistency. When fea-
tures evolve over time, extracted values may reflect different
temporal contexts, leading to datasets that mix attributes valid
at distinct points in time. Because the data retrieved through
the current Explorer is as up-to-date as Wikipedia, it may oc-
casionally include outdated information. Our Extractor, which
identifies relevant attributes across the entire web using Tavily’s
search API for each given entity, alleviates this restriction but
introduces other risks—such as retrieving unreliable data. When
information cannot be located on the web, the Extractor falls back
on LLM-based completion, which may introduce hallucinated
values. In the experiments presented in this paper, we focus on
domains where factual data is abundant and reliable (e.g., animals,
NBA players, films), reducing the practical impact of this issue.
Nevertheless, for less prominent or frequently changing entities,
ensuring data veracity remains an open challenge. Future ver-
sions could incorporate reasoning-based validation mechanisms
to ensure temporal and factual consistency across features.

In order to increase the applicability of our method, some it-
erations should be made, but we believe the main ingredients
are already accounted. The challenges above are paradoxically
also the system’s moat. The reason is that highly specialized chal-
lenges require tailor-made solutions, and generalist approaches
(e.g., a universal agentic system [21]) fail, because many common
pitfalls can be avoided and domain knowledge can be integrated.

8 Related Work

We address the challenge of automating the construction of task-
specific tabular datasets under explicit budget constraints. While
prior work automates parts of the data science process—such as
data discovery, feature engineering, or model selection—none
provide a unified, cost-aware pipeline that discovers entities,
acquires features, and trains predictive models end-to-end.

Automated data science and LLM-driven systems. Recent
frameworks aim to automate portions of data science using LLMs.
Systems such as [40, 62] automate data retrieval and analysis
from web corpora or preexisting sources. Other systems, includ-
ing Evaporate [3] and Symphony [14], leverage LLMs to extract
tabular views from semi-structured data lakes or multimodal
repositories. However, these pipelines do not handle iterative
discovery or prioritize data acquisition under cost or model per-
formance constraints.

LLM-driven assistants such as [19, 28, 37] automate feature
engineering and reasoning [24, 30, 45] over existing datasets,
yet they presuppose data availability. Our approach instead con-
structs the dataset itself, bridging unstructured evidence and
tabular modeling.

Einy et al.

Data discovery and preparation. Structured web resources
such as DBpedia [7, 36] and WebTables [10, 11] demonstrate that
large-scale tabular data can be discovered on the web. Subse-
quent efforts, such as OpenCeres [39] and SWDE [27] extended
extraction to semi-structured sources. These methods assume
entities and attributes are readily available, whereas our system
dynamically discovers and reconciles them across heterogeneous
sources, generating missing features when none exist. Future
work may integrate such extractors as complementary modules
within our Explorer.

Data wrangling and weak supervision. Tools such as Wran-
gler [35] and OpenRefine [43] enable interactive transforma-
tion once data are collected. Weak-supervision frameworks like
Snorkel [47] improve data quality programmatically. These meth-
ods operate post hoc on existing datasets, complementing our
focus on pre-collection discovery and selective enrichment under
budget constraints.

Active learning and feature acquisition. Active learning
(AL) reduces labeling effort by labeling informative samples [6,
29, 50, 53, 54], while coreset-based methods compress datasets
into representative subsets for efficient learning [12, 23, 26, 51,
60]. Active feature acquisition (AFA) extends this reasoning to
the feature space, learning instance-wise policies that balance
accuracy and cost [15, 31-33, 48, 56, 58, 63] at inference time,
or during the training phase [4]. Our Prioritizer integrates these
principles, to decide which data to acquire within a global budget.

Agentic LLM frameworks. Tool-augmented [46] and multi-
agent systems [25, 55] (e.g., AutoGen [59], Magentic-One [21],
enable orchestrated task execution via reasoning—acting loops
[46, 57, 61]. These architectures demonstrate the value of multi-
agent coordination but focus on conversational or reasoning
tasks, not structured data construction. Our framework similarly
decomposes complex objectives into modular agents but tailors
each to data collection and model preparation, introducing cost-
awareness and verifiable provenance—properties absent in exist-
ing generalist agents. We also evaluated OpenAl's ChatGPT Deep
Research [42], a strong general-purpose research agent. While it
can search and synthesize web content, it fails to produce struc-
tured, verifiable datasets: generated and retrieved information
are intermingled, sample counts are insufficient for learning, and
multi-stage pipelines (e.g., scraping, schema alignment, model-
ing) are not reliably executed. In contrast, our system decomposes
the process into verifiable, cost-efficient stages. Future DR-like
agents may augment these components, but current evidence
underscores the need for specialized, decomposed architectures
for automated data science.

Positioning. Existing works address isolated steps—discovery,
cleaning, AutoML, AL/AFA, or LLM reasoning. Our contribu-
tion is their integration into a single, budget-aware pipeline that
(1) autonomously discovers entities and sources, (2) prioritizes
instances and features using AL and LLM-derived signals, (3)
extracts verifiable features with tool-augmented LLMs, and (4)
delivers a structured dataset and trained predictive model.

9 Conclusion

In this work, we proposed a new AutoML system with an em-
phasis on the data collection component of the system. We used
LLM agents to enable the system to handle semantic tasks, and
proposed a new algorithm for prioritizing LLM calls to enrich
the initial dataset. In this work, we design and test a preliminary
version of the system and identify future directions for extension.
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