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ABSTRACT

The rapid advancement of large language models has fundamentally shifted the
bottleneck in Al development from computational power to data availability—with
countless valuable datasets remaining hidden across specialized repositories, re-
search appendices, and domain platforms. As reasoning capabilities and deep re-
search methodologies continue to evolve, a critical question emerges: can Al agents
transcend conventional search to systematically discover any dataset that meets spe-
cific user requirements, enabling truly autonomous demand-driven data curation?
We introduce DATASETRESEARCH, the first comprehensive benchmark evaluating
AT agents’ ability to discover and synthesize datasets from 208 real-world demands
across knowledge-intensive and reasoning-intensive tasks. Our tri-dimensional
evaluation framework reveals a stark reality: even advanced deep research systems
achieve only 22% score on our challenging DatasetResearch-pro subset,
exposing the vast gap between current capabilities and perfect dataset discovery.
Our analysis uncovers a fundamental dichotomy—search agents excel at knowl-
edge tasks through retrieval breadth, while synthesis agents dominate reasoning
challenges via structured generation—yet both catastrophically fail on “corner
cases” outside existing distributions. These findings establish the first rigorous
baseline for dataset discovery agents and illuminate the path toward Al systems
capable of finding any dataset in the digital universe.Our benchmark and compre-
hensive analysis provide the foundation for the next generation of self-improving
Al systems. The code and dataset will be open-sourced soon.
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Figure 1: Overview of DATASETRESEARCH: A Benchmark for Dataset Discovery Agents. It
features two sources, 208 dataset demands, three evaluation methodologies, and six NLP metrics.
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1 INTRODUCTION

The advancement of artificial intelligence (AI) (xAL [2025a; |OpenAl, 2025b; |Anthropic, 2025}
Comanici et al., 2025} |Guo et al., 2025) has increasingly positioned datasets as foundational assets for
scientific discovery and technological progress. Contemporary powerful reinforcement learning-based
agentic systems exhibit a strong dependence on high-quality datasets for optimal performance (Ye
et al., |2025; [Wang et al.| 2025} [Sun et al., [2024; Wang et al.| 2024} [Team et al., 2025 [Mai et al.|
2025} |Yang et al., [2025b; |Xie et al., [2025; Wei et al., [2025). The identification and synthesis of
appropriate datasets represents a critical bottleneck in the initiation of scientific research endeavors.
The traditional research workflow—problem identification, dataset requirement formulation, manual
data search, synthesis, and model training—represents an increasingly antiquated approach in an era
of rapidly evolving Al capabilities. As reasoning methodologies and deep research tools continue to
advance, a fundamental question emerges: can Al agents transcend the limitations of conventional
search to systematically discover any dataset that meets specific user requirements from this vast,
largely untapped data universe?

While previous work has explored demand-driven dataset discovery and synthesis (Viswanathan
et al [2023; |Walker et al., 2023 |Gandhi et al., |2024), these approaches represent initial steps
that do not fully harness the deep reasoning and inferential capabilities enabled by modern large
language models. The emergence of sophisticated reasoning agents and deep research methodologies
demands a more rigorous evaluation of whether current systems can achieve the ambitious goal of
comprehensive, demand-driven dataset discovery across the entire digital landscape. To address
this critical gap, we introduce DATASETRESEARCH, the first comprehensive benchmark designed
to systematically evaluate whether Al agents can make any relevant dataset discoverable based on
specific user demands. As the inaugural benchmark in this domain, DATASETRESEARCH exhibits
several distinctive characteristics shown in Figure [T}

¢ Comprehensive Coverage and Rich Examples: We curated 208 data requirements across six
major NLP tasks. Using OpenAl 03 (OpenAl, 2025b), we generated comprehensive metadata for
each, classifying them as knowledge- or reasoning-based (Table [T)), and created corresponding
query pairs to serve as agent inputs.

* Thorough Evaluation with Diverse Baselines: Our integrated evaluation framework assesses
data quality from baselines including search, synthesis, and deep research agents. Evaluation
methodology combines three approaches: metadata similarity, few-shot learning, and supervised
fine-tuning with LLaMA-3.1-8B (Dubey et al., [2024)), yielding a normalized performance score
across all tasks.

* Stratified Difficulty with Reference Subsets: To manage high computational costs, we created
DatasetResearch-pro, a challenging subset of 20 tasks from DATASETRESEARCH. These
tasks were selected as the most difficult for a baseline agent (GPT-40-search-preview) to effectively
differentiate the capabilities of advanced systems.

Comprehensive experiments on DATASETRESEARCH demonstrate that current agent systems fall
considerably short of optimal performance, with even the most advanced deep research systems
achieving a maximum score of merely 22% on our evaluation subsets. Our analysis further reveals
a pronounced performance differentiation pattern: search agents leverage their robust information
retrieval capabilities to excel in knowledge-based tasks, while synthesis agents capitalize on their
capacity for constructing reasoning pathways to demonstrate superior performance in reasoning-based
challenges. These findings not only expose the limitations of existing technologies but also highlight
the tremendous potential of automated data synthesis approaches.

To conclude, we make the following contributions: (1) We present DATASETRESEARCH, the first
comprehensive benchmark for demand-driven dataset discovery and synthesis, featuring 208 real-
world requirements. Our multi-dimensional evaluation methodology assesses metadata alignment,
few-shot performance, and supervised fine-tuning effectiveness across six task categories. (2)
Extensive experiments on state-of-the-art systems reveal significant limitations, with top scores of
only 0.2 on our challenging DatasetResearch-pro subset. We identify a clear specialization:
search agents excel at knowledge-based tasks, while synthesis agents are superior for reasoning-
based challenges. (3) We provide the first systematic analysis of failure modes in automated dataset
construction, showing that all current methods struggle with out-of-distribution corner cases, which
highlights fundamental challenges in generalization.
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2 RELATED WORK

2.1 DATASET DISCOVERY AND SYNTHESIS

The critical role of high-quality datasets is well-recognized in recent research (Ye et al.| 2025}
Wang et al., [2025; |Yang et al., 2025b; Xie et al., 2025} |Chen et al., [2024), leading to two primary
acquisition strategies: discovery and synthesis. Dataset discovery methods include bi-encoder
retrievers (Viswanathan et al., [2023; [Soylu et al.| 2024) and conversational Al (Walker et al.| 2023}
Majumder et al., [2024; /Gu et al.,2024; [Yang et al.| 2025c])), though the latter can hallucinate datasets.
Dataset synthesis involves transforming existing data (Gandhi et al.| 2024)) or using agentic methods
for construction, which has achieved strong results on benchmarks like SWE-bench verified (Jimenez
et al.} 2023 |Yang et al., 2025b; 2024} |[Hui et al.,|2024). The emergence of agents capable of iterative
reasoning and search (Zheng et al., 2025} Singh et al.,[2025) necessitates a new standard for evaluation,
motivating our development of DATASETRESEARCH.

2.2 AGENTS WITH SEARCH AND REASONING CAPABILITIES

Al agent evolution is driven by both stronger foundation models (xAlL, [2025a; |(OpenAl, |2025bj
Anthropic, [2025; (Comanici et al., 2025} |Guo et al.l 2025; [Yang et al.| |2025a) and sophisticated
search and reasoning abilities (Zheng et al.| [2025} Jin et al., 2025} [Song et al.| [2025} |Lu et al.| [2024).
DATASETRESEARCH evaluates both types of agents. We assess search-enabled agents, including
systems with integrated search tools (OpenAl, |2025a) and deep research systems (OpenAll [2025c¢;
Google, [2025; xAL 2025b). For reasoning-based synthesis, we evaluate leading agents like OpenAl
03 (OpenAl, 2025b), Gemini 2.5 Pro (Comanici et al., [2025)), Claude 4 (Anthropic, [2025), QwQ-
32B(Team, [2025), and Grok 4 (xAl, [2025a). In particular, we use OpenAl 03’s (OpenAl, 2025b)
reasoning to construct challenging dataset generation tasks.

3 DATASETRESEARCH

In this section, we systematically detail the construction of the DATASETRESEARCH benchmark,
including its composition and the comprehensive evaluation protocol designed to assess agentic
systems. DATASETRESEARCH curation pipeline is shown in Figure 2] and evaluation pipeline is
shown in Figure 3]

3.1 TASK DEFINITION

In AI developing workflows, practitioners frequently encounter the challenge of identifying and
collecting appropriate datasets that align with specific training requirements. This process, which we
term data discovery, involves both systematically searching through available data resources and
synthesizing new datasets as needed to satisfy given criteria and constraints. Formally, we define the
data discovery task as follows: Given a natural language demand description D that specifies the
desired characteristics of a dataset, a DataResearcher for data discovery must output a discovered
dataset S; = {d;,ds, ..., d,} that optimally satisfies the specified demand D.

To evaluate this task, we establish a benchmark framework based on MetaTriplets, where each
MetaTriplet M; = (D;, S,,, Meta,,) consists of three components: (1) a demand description D;
representing a real-world data collection requirement expressed in natural language, (2) a reference
set S,, = {d,,,dr,,...,dy, } containing ground truth datasets that satisfy the demand D;, and (3)
a reference metadata Meta,, providing detailed information about each dataset in S,.,, including
domain specifications, format descriptions, quality metrics, and other relevant characteristics.

The evaluation process compares the data researcher’s discovered dataset .S; against the reference
dataset S, using evaluations that assess both metadata relevance by generating a Discovered Meta-
data and downstream task performance by testing discovered dataset S; on the reference dataset
S,. This triplet-based evaluation framework enables systematic assessment of DataResearcher
across diverse domains and requirements, facilitating the development of Al-driven solutions that
can autonomously identify and provision datasets for Al model training—thereby establishing a
self-improving ecosystem where artificial intelligence systems enhance their own data discovery and
curation capabilities.
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Figure 2: Curation pipeline of the DATASETRESEARCH benchmark. From an initial dataset of
over 1 million candidates, we first apply a series of filtering rules to curate a final reference set of 208
instances. We then utilize the state-of-the-art 03 model to process the associated README files and
data samples, generating metadata across six distinct dimensions. Finally, the 03 model synthesizes
this metadata to generate the corresponding dataset demands.

3.2 DATASETRESEARCH CURATION

DATASETRESEARCH collects requirements corresponding to 208 real-world datasets shown in
Table[T]} with 91 sourced from HuggingFace and 117 from Papers with Code. Each dataset demand
in DATASETRESEARCH is accompanied by three key components: a detailed demand description,
the corresponding reference dataset, and comprehensive reference metadata associated with the
reference dataset.

Data Collection Pipeline We develope a systematic collection methodology guided by three key
principles: ensuring real-world authenticity of dataset demands, maintaining automated evaluation
feasibility, and preserving structural clarity for agent processing. Our collection process, shown in
Figure[2]and exemplified through HuggingFace datasets, follows a multi-stage filtering and refinement
approach designed to produce high-quality, evaluable demands.

 Step 1: Initial Curation We use the HuggingFace API to identify all “gated” datasets, which
require manual approval for access. We select these as our starting point to mitigate data leakage, as
search agents cannot automatically download and process these datasets even if they are identified.

 Step 2: Task and Modality Filtering We filter this collection to retain only text-modality datasets
whose annotated task fell within one of six categories: question-answering, text-summarization,
text-classification, text-generation, multiple-choice, or language-translation. This step ensures the
feasibility of an automated evaluation pipeline. We further exclude tasks where baseline model
performance had already reached near-saturation levels, as these provide insufficient discriminative
capacity for meaningful evaluation. This comprehensive filtering process yields 422 datasets.

 Step 3: Documentation Quality Check We further filter for datasets that contain comprehensive
and informative README files, which serve as crucial references for generating reference metadata
and demand descriptions. For demands from Papers with Code, we utilize the abstracts of
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Table 1: DATASETRESEARCH comprises 208 dataset demands derived from six categories of
real-world NLP datasets from two distinct sources, evaluated using diverse metrics. The refer-
ence datasets in DATASETRESEARCH are divided into knowledge-based and reasoning-based tasks.
DatasetResearch-pro is a subset containing 20 more challenging examples.

Task Metric l\fl.lm(Knowledge) l\fl.lm(Reasoning) Num(pro)
Multiple Choice Accuracy 9 4 4 10 5
Text Generation BLEU 6 2 9 21 3
Text Summarization ROUGH 2 1 0 8 3
Question Answering F1, Exact Match 4 9 10 25 3
Text Classification Accuracy 9 3 23 23 3
Language Translation BLEU 1 1 14 10 3

corresponding papers and dataset samples instead of README files. This step results in 261
candidates.

* Step 4: Fine-Tuning Suitability We select datasets amenable to fine-tuning, excluding those
designed purely for pre-training or lacking clear label columns. This leaves 104 suitable datasets.

* Step 5: Automated Reformatting For each of the 104 datasets, we prompt the OpenAl 03 model
to propose a fine-tuning format template by analyzing the README and data samples (e.g.,
combining specific columns into input and output fields, adding a task-specific instruction).

* Step 6: Human Verification We manually review and refine these suggestions, adding instructions
where necessary and removing a few datasets deemed unsuitable for fine-tuning. This process
finalizes a set of 91 high-quality datasets from HuggingFace.

¢ Step 7: Demand Description and Metadata Generation For each of the 91 datasets, we use the
03 model to generate a comprehensive metadata profile, including an introduction, domain, input
schema, output schema, and sample count. Based on this metadata, we then prompt OpenAl 03 to
generate natural language demand descriptions that serve as inputs for our DataResearcher.

These 91 demands, combined with the 117 generated via a similar process from Papers with Code,
form the 208 tasks in DATASETRESEARCH. From this pool, we curate a specialized subset of 20
particularly challenging tasks to create DatasetResearch-pro. This subset is constructed to
probe the limits of current agents by selecting the 20 tasks where GPT-4o0-search-preview achieved
the lowest scores in the fine-tuning setting. On this highly difficult subset, we expand our evaluation
to include the most advanced deep research agents. Detailed prompts used for metadata and demand
generation are available in the Appendix.

Categorizing Knowledge-Based and Reasoning-Based Tasks To distinguish between tasks
where reference dataset needs to be more oriented toward factual knowledge learning versus those
requiring reasoning-based logical learning, we categorize these requirements into two types. Based on
dataset characteristics and corresponding specific requirement descriptions, we manually identify and
annotated 51 knowledge-based tasks and 157 reasoning-based tasks. Knowledge-based tasks require
data coverage of extensive factual information, structured knowledge, and predefined classification
systems, emphasizing the breadth and accuracy of the constructed data. In contrast, reasoning-based
tasks require data that can guide the construction of reasoning pathways and logical relationships
from input to output, emphasizing the achievement of cross-domain problem-solving capabilities and
cognitive generalization through learning reasoning patterns rather than relying on precise coverage
of domain knowledge in reference dataset.

3.3 EVALUATION METHDOLOGY

We employ a comprehensive evaluation methodology shown in Figure 3] that assesses dataset quality
from both intrinsic metadata characteristics and extrinsic performance on downstream tasks.

Metadata-Based Evaluation To assess the primary data quality of discovered datasets, we score
the semantic alignment between reference metadata and discovered metadata. Using OpenAl o3 as a
judge (Zheng et al.l 2023)), we assign a score from O to 10 for each metadata dimension, including
introduction, task, question, input, output, and example. Detail description is shown in Section[D} The
final metadata score is the average of these dimensional scores. Critically, because the OpenAl 03 is
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Figure 3: DATASETRESEARCH evaluation methodology. We evaluate data quality using LLaMA-
3.1-8B model on three metrics: metadata similarity (via 03), plus fine-tuning and few-shot per-
formance. The latter two are measured by the performance ratio of discovered to reference data
(Stt/Sref), normalized by a zero-shot baseline (Spase/Sref)-

used to generate both the reference and the discovered metadata, using it for evaluation systematically
mitigates potential scoring biases.

Downstream Task Performance Evaluation In order to assess the practical gains of discovered
datasets on real-world tasks, we assess the practical utility of the datasets via test-time and training-
based methods. For the six task categories in DATASETRESEARCH, we design and employ six
corresponding metrics. We evaluate performance across three settings:

* Zero-shot Baseline: We directly evaluate LLaMA-3.1-8B on the reference set without any fine-
tuning or in-context examples to establish a performance floor.

* Few-shot Learning: We provide 1, 3, and 5 examples from the discovered or synthesized datasets
as in-context examples (Parnami & Lee, |2022) for LLaMA-3.1-8B and evaluate on full reference
dataset.

* Fine-tuning: We fine-tune LLaMA-3.1-8B on the discovered or synthesized datasets with fixed
hyperparameters and then evaluate its zero-shot performance on the reference set.

To ensure fair comparisons across tasks with different evaluation metrics, we implement a standardized
normalization procedure for all performance scores. Given the heterogeneous nature of evaluation
metrics across our six task categories—ranging from BLEU scores for translation tasks to accuracy
for classification—direct comparison would be misleading without proper normalization.

The performance Sy of LLaMA-3.1-8B model fine-tuned directly on the reference set serves as the
upper bound for score normalization, representing the theoretical maximum performance achievable
with perfect data for each specific task. For each evaluation setting (few-shot or fine-tuned), the score
Seval Of a discovered dataset is normalized against this upper bound. The final normalized score is
calculated as:

Normalized Score = Seya1/ Sret

This formula positions the agent’s performance on a scale from O to 1, or higher if the discovered
dataset is superior to the reference set, enabling a fair and direct comparison of agent capabilities
across all tasks in DATASETRESEARCH.
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Figure 4: Overview of the DataResearcher Baseline Workflow. The workflow starts with
anonymized dataset requirements. The DataResearcher module then discovers or synthesizes a
matching dataset. Subsequently, OpenAl 03 generates metadata for this dataset, which is then
compared against the reference metadata, as illustrated in Figure

4 DATARESEARCHER

To evaluate Al systems’ capabilities in generating data for Al training, we construct three distinct
baseline Data Researchers shown in Figure [] for DATASETRESEARCH: search agents, synthesis
agents and deep research agents. These agents represent different paradigmatic approaches to data
construction and are implemented as follows:

» Search Agents take a natural language demand, query the HuggingFace Hub for the top five public
datasets, and programmatically select the first valid one. Our benchmark’s gated datasets prevent
finding the original reference.

» Synthesis Agents use OpenAl 03 to generate 500 data samples based on a demand description.
This is performed in two settings: with one reference sample provided for guidance (w/ ref) and
without any reference sample (w/o ref).

* Deep Research Agents employ deep research tools from OpenAl, Grok, and Gemini to perform a
web-wide analysis and identify the best-fitting dataset. Due to a lack of API access, this process
requires human-in-the-loop execution.

After obtaining the preliminary discovered dataset, we leverage OpenAl 03 to automatically parse
and convert all samples into a standardized fine-tuning format with complete input and output pairs,
ensuring compatibility with downstream training procedures and yielding the final discovered dataset
ready for evaluation.

To ensure a fair comparison, the Data Researchers have the following experimental settings:

* Search agents evaluated on DATASETRESEARCH are restricted to public datasets on HuggingFace
to facilitate automated data formatting and processing. For DatasetResearch-pro, search
scope is expanded to the entire web, with results manually curated for relevance and accessibility.

* For all datasets returned by search agents, we use the OpenAl 03 to parse the data into a standardized
fine-tuning format and to generate their corresponding metadata, mirroring the format of our
reference set. If a discovered dataset contained more than 1000 samples, we truncate it to the first
1000 sample pairs.

* For synthesis agents, we generate datasets of 500 samples by prompting the model to produce 10
samples at a time and concatenating the results over 50 iterations. This mitigates potential quality
degradation from long context windows.
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Table 2: Main results on the DATASETRESEARCH benchmark. We report normalized few-shot
and fine-tuning scores on Knowledge and Reasoning tasks using DTP (Downstream Task Evaluation),
alongside metadata similarity scores. Synthesis-based agents (OpenAl 03) demonstrate superior
performance on reasoning tasks, whereas search-based agents (GPT-4o-search) excel at knowledge-
based tasks. Display Best results are displayed in bold, the second-best results with an underline.

Agent Method DTP Evaluation Metadata Evaluation
& Knowledge(%)T  Reasoning(%)T  Intro Task Ques Input  Output Example AvgT
Baseline
1041 11.84
Search-based
1 Shot 9.82 7.25
3 Shots 9.84 8.43
GPT-40-search 5 Shots 10.22 870 5.7600 6.6300 5.3600 5.7700 5.3200 5.4100  5.7083
Fine Tune 41.89 27.54
1 Shot 6.48 5.73
- 3 Shots 6.45 7.89
GPT-40-mini-search 5 Shots 10.38 839 5.5000 6.4400 52900 5.7000 4.8800 5.3300  5.5233
Fine Tune 12.12 17.35
Synthesis-based
1 Shot 10.25 17.38
3 Shots 21.81 32.14
OpenAl 03 w/ ref 5 Shots 23901 5802 8.6300 8.7100 8.1100 9.0100 9.3600 83200  8.6900
Fine Tune 38.98 72.70
1 Shot 10.16 12.26
3 Shots 17.25 25.53
OpenAl 03 w/o ref 5 Shots 1481 19.44 8.5800 8.7400 8.1100 8.8000 9.1700  8.0400  8.5730
Fine Tune 37.94 67.25

5 EXPERIMENTS

Our experiments are designed to rigorously assess the capabilities of DataResearcher in demand-
driven dataset discovery. We present results on both the comprehensive DATASETRESEARCH
benchmark and its challenging DatasetResearch-pro subset, revealing critical insights into
the strengths and weaknesses of current search-based, synthesis-based and deep research approaches.

5.1 EXPERIMENTAL SETUP

For DATASETRESEARCH, we conduct comprehensive evaluations on search-based APIs including
gpt-4o-search-preview and gpt-4o-mini-search-preview (OpenAll [2025a)), which provide real-time
web search capabilities, as well as the synthesis capabilities of the advanced reasoning-based model
OpenAl 03, known for its sophisticated analytical and generation abilities. For the more challenging
DatasetResearch-pro subset, we assess the performance of state-of-the-art closed-source
deep search agents that represent the current frontier in Al-powered research capabilities, including
OpenAl Deep Research (OpenAlL 2025c¢), Gemini Deep Research (Google, 2025)), and Grok Deep
Research (xAlL [2025b).

5.2 MAIN RESULTS AND ANALYSIS

Performance on the DATASETRESEARCH Benchmark As shown in Table 2] agent performance
on DATASETRESEARCH highlights a clear dichotomy in capabilities based on task-cognitive demands.
For knowledge-based demands, search-based DataResearcher demonstrate significant advantages
where GPT-4o0-search agent achieves the highest fine-tuning score of 42%. Conversely, for reasoning-
based tasks synthesis-based agents are undoubtedly superior, with the OpenAl 03 w/ ref agent
attaining the highest fine-tuning score of 73%. Notably, we observe that few-shot evaluation results
exhibit outcomes that are closely aligned with fine-tuning experiments across both task categories,
which suggests a practical implication: since fine-tuning experiments are computationally expensive
and time-consuming, few-shot evaluation can serve as an efficient preliminary assessment to rapidly
detect and compare DataResearcher capabilities before committing to full fine-tuning procedures.

In metadata evaluation, we reveal that synthesis-based methods significantly outperform across output
metrics, which reveals the core advantage of synthesis-based methods in fine-tuning tasks: their ability
to generate more aligned output data, thereby providing models with sufficient learning material to
master reasoning pathways from input to output. Furthermore, we identify that the primary factor
limiting search-based methods’ performance lies in the fact that retrieved existing datasets often
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Figure 5: Performance comparison of various agent systems on the DatasetResearch-pro
subset across few-shot and fine-tuning settings. Synthesis agents based on 03 perform exceptionally
well, and the DeepResearch system generally outperforms the GPT-40 search system. The dashed
line indicates the performance of LLaMA-3.1-8B baseline on test set.

cannot align with the instruction as precisely as synthesized data, resulting in relatively weaker data
research instruction-following capabilities.

Analysis of Learning Paradigms Our evaluation also conducts detailed analysis of different
learning strategies. We demonstrate that 1, 3, 5-shot results maintain consistent relative trends
with fine-tuning, although some 5-shot experiments fail to follow expected shot-scaling patterns.
This is primarily attributed to the small-scale models we employ being unable to maintain effective
long-range attention mechanisms when processing longer context windows (Schaeffer et al., [2023).
Notably, among few-shot settings, 3-shot demonstrates the most stable and representative performance,
achieving a favorable balance between computational efficiency and performance outcomes.

Performance on the DatasetResearch-pro Subset To explore the performance boundaries
of state-of-the-art deep research agents, we conduct experiments on the DatasetResearch-pro
subset. Results shown in Figure [5]and Figure 9] demonstrate that advanced deep research systems
such as OpenAl DeepResearch, achieving a score of 0.2218, significantly outperform standard search
methods like GPT-40-mini-search, yet their overall performance remains relatively modest. Mean-
while, we observe that synthesis-based methods also exhibit significant performance degradation on
DatasetResearch-pro, achieving only scores approaching 0.5, indicating that tasks challenging
for search-based approaches similarly pose substantial difficulties for synthesis methods.

Analysis Our analysis reveals a key trade-off: search-based methods excel at sourcing diverse,
knowledge-rich data for factual tasks, whereas synthesis-based methods are superior for generating
logically coherent datasets for reasoning-intensive tasks. The iterative deep research methodology
surpasses these single-shot approaches by discovering higher-quality and more comprehensive data,
leading to significant performance gains. However, we identify a critical limitation where all current
methods fail on niche ”corner cases,” as their performance is fundamentally constrained by the
coverage of existing data distributions. The relevant case studies can be found in the appendix.

6 DISCUSSION

In this work, we introduced DATASETRESEARCH, a comprehensive benchmark to evaluate agentic
systems on demand-driven dataset discovery. Our findings reveal a critical performance gap and a
clear specialization: search-based agents excel at knowledge-intensive tasks, while synthesis-based
agents dominate reasoning challenges, motivating several key future directions. A natural evolution
is the development of hybrid agents that intelligently integrate search and synthesis to balance
data quality and coverage. To achieve a true automated research workflow, these systems must
also advance beyond structured repositories to automatically curate data from the unstructured web.
Furthermore, to democratize these capabilities, a crucial next step is to explore powerful open-source
LLMs for data synthesis, reducing the reliance on costly closed-source APIs and paving the way for
the next generation of accessible, robust Al-powered research assistants.
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A THE USE OF LLMS

In the article, we only used LLMs to polish our writing, and did not use them for any other assistance.

B EVALUATION SETUP

We evaluate leading agents on our DATASETRESEARCH with 208 tasks and
DatasetResearch-pro with 20 tasks benchmarks. The agents include search-based
DataResearcher like GPT-40-search, synthesis-based DataResearcher like OpenAl o3 with and
without reference examples and deep research based DataResearcher like OpenAl DeepResearch.
Evaluation is twofold: (1) Metadata-based Evaluation that reflects dataset discovery instruction-
following capabilities, and (2) Downstream Task Performance (DTP) that reflects the overall data
performance of the discovered set. In our experiments, we calculate six distinct metrics tailored to
different task categories:

* Accuracy measures the proportion of correct predictions, reflecting models’ ability to identify the
correct option or label.

* F1-Score (Joshi et al., [2017) computes the harmonic mean of precision and recall, providing
a balanced assessment of model performance, especially when dealing with partial matches or
token-level evaluation.

* Exact Match (Joshi et al., 2017) evaluates the percentage of predictions that exactly match the
ground-truth answers, offering a strict assessment criterion.

* BLEU (Papineni et al., 2002) measures n-gram overlap between generated and reference text,
assessing the quality and fluency of generated content.

* SacreBLEU (Keenan, 2017) provides a standardized and reproducible version of BLEU scoring,
ensuring consistent evaluation.

* ROUGE (Lin, [2004) calculates recall-oriented overlap of n-grams and longest common subse-
quences, specifically designed for evaluating text summarization quality and content preservation.

C ANALYSIS

This section delves into specific cases to provide a qualitative understanding of the performance
patterns observed in our experiments. By examining individual examples from Figure[6] Figure[7]and
Figure[§] we highlight the distinct behaviors of search, synthesis, and deep research methodologies,
particularly focusing on the fine-tuning performance.

C.1 KNOWLEDGE VS. REASONING

Figure [6| offers a clear contrast between how different methods handle knowledge and reasoning-
based tasks (Ravichander et al.,[2019)). For reasoning-centric requirements, synthesis-based methods
construct richly detailed data with explicit thought processes, which guides the fine-tuned model
toward more logical analysis. In contrast, for knowledge-based tasks, search methods excel by
retrieving diversified information with broader coverage and higher knowledge density. This enables
the fine-tuned model to access richer knowledge sources, thereby exhibiting stronger knowledge
coverage and response accuracy on the reference set.

This reveals a key behavioral pattern: the breadth advantage of search methods allows them to
capture long-tail knowledge distributions, making models more robust for diverse, fine-grained
factual queries. Conversely, the depth advantage of synthesis methods lies in the ability of powerful
LLMs to construct highly structured, logically coherent reasoning data, making it ideal for training
models on tasks that depend on generalizable logic rather than pure fact retrieval.

C.2 DEEP RESEARCH METHODOLOGY
As observed in Figure[7] the deep research methodology, with its iterative information gathering

and reasoning-guided exploration, retrieves data of significantly higher quality than single-shot
search or generation. Under identical query conditions(Dao et al., [2023), the resulting dataset
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Reasoning: synthesis better!

Reference Set Sample (Accuracy: 0.037)

Huggingface dataset_id:

nguha/legalbench

Input: When a defendant presents an affidavit concerning a
factual narrative of the events that is neither contradicted by
the record nor inherently incredible and the government
offers nothing more than contrary representations to
contradict it, the defendant is entitled to an evidentiary
hearing.

Output: Yes

Dataset Demand:

Find a dataset designed for legal reasoning that includes
thousands of annotated examples focused on statutory
interpretation and legal claims evaluation, especially in
contexts like employment law and retaliation claims. The
dataset should use a system-input-output triplet format
where the system provides decision criteria (\"judge yes or
no.\"), the input is a detailed legal excerpt or claim
statement with factual context, and the output is a binary
judgment (\"Yes\" or \"No\"). It must incorporate legal
language, case precedents, and statutory details to support
robust supervised fine-tuning of models on nuanced legal
reasoning tasks.

OpenAl 03 Synthesis Dataset Sample (Accuracy: 0.4907)
Input: System: Judge yes or no.\n\nClaim: An employee
invokes the False Claims Act, stating he was fired for
threatening to report fraudulent Medicare billing.
Termination occurred six months after his threat, following
documented performance issues: three written warnings,
two for tardiness and one for failure to follow sterile-
procedure protocols. Employer policy dictates termination
after three infractions within a calendar year. Precedent
(Greene v. Potter, 557 F.3d 765) holds temporal proximity
weakens as months pass, and employers may prevail with
clear, consistently applied disciplinary frameworks. Do
these facts justify a conclusion that the firing was not
retaliatory?

Output: No

OpenAl gpt-40 Search Dataset Sample (Accuracy: 0.0)
Huggingface dataset_id:
mteb/LegalReasoningCausalityLegalBenchClassification
Input: "Please read the following district court opinion
excerpt and determine whether the reasoning relies on
statistical evidence. Answer with '1" if it does, or '0' if it does
not.\nIn her Opposition Brief, Carman points to statistics of
the racial composition of Defendants' employees as
evidence of discrimination (see Doc. 66 at 8, 29) (alleging
that while Erie County is \"made up of approximately 12.2%
African American individuals,\" Defendants only employ
4.5% Africans Americans in their \"top paid positions\").
However, this statistic is not relevant in evaluating Carman's
discrimination claims. For statistics to serve as evidence of
discriminatory hiring practices, the Sixth Circuit requires a
comparison of \"the racial composition of the pool of
qualified [assistant prosecutor / DJFS director] candidates in
the [Erie County] market.\" Hopkins v. Canton City Bd. of
Educ., 477 F. App'x 349, 358 (6th Cir. 2012). Carman's
comparison falls short, failing to meaningfully identify the
racial composition of the pool of qualified candidates.”
Output: 1

Knowledge: search better!

Reference Set Sample (Accuracy: 0.293)

Huggingface dataset_id:

UBC-NLP/palmx_2025_subtaskl_culture

Input: ) dsssall L) Jia g3 Gooall el I Jisdl oo ealA 5B SIC 5iD).\n ol
Gailay yhad a5 IS 2285 A Rl (pe

A jalin\diralin\ 4 alasYin\AsibwYin " A il

Output: . i . )
Input: ) Aasmal) L) oy 531 Cial JLSL S Jisudl e A 1B SIC SiD)\n L
ey 50 allad) Jandlly 45 jlie 3 ,Y) (B obaall Aol 31 gl @Mginl e s sliY) Jalal)
AL\ oY) (A 33 ganal) Dpdall sliall ) 9o o o) )3l g Uaill slaieln JUaaY) ¥ ana g lis )
Ve )5l ddla) olaa D355 (1 & sialln Aol )1 Glalioe g s (e de sSal) il gas
Vil el ) 3l Jaealadl gpan o gl s Gl e &l (gl Gl pladiu

Output: A

Dataset Demand:

Search for publicly available or published datasets that meet the following
characteristics:\n\n* Language & Format: Modern Standard Arabic. \n* Task Type:
Multiple-choice question answering / classification. \n® Domain: Arab general
culture (history, traditions, geography, etc.). \n* Record Structure: Each entry
contains one culturally focused question plus exactly four answer options labeled A,
B, C, D. \n* Expected Annotation: A single capital letter (A, B, C or D) indicating
the correct option. \n* Data Source: Fully human-generated questions and answers.
\ne Dataset Size: Approximately a few thousand examples (around 2 K samples).

OpenAl 03 Synthesis Dataset Sample (Accuracy: 0.257)

Input: \$ 59 Qi) Guuga 58 o 1) 3edln AL \O) s e 0 ) 3B\l ol 2 & slaanC.
el e 0 peenD. 7"Aslaa 03 25

Output: B

Input: \5 el & 5 ol i) Aae a3 4 g (gl & :dlsadln AL \02,YB. \G32IInC. \by senD.
P 0 ey

Output: A

OpenAl gpt-40 Search Dataset Sample (Accuracy: 0.271)

Huggingface dataset_id:

MBZUAI/ArabicMMLU

Input: You will be given a multiple-choice question in Arabic. Read the context
and the question carefully, then select the correct option. Reply with ONLY the
letter of the correct choice (A, B, C, D, or E).\n @l 5 ¢l e U g G o 5all 138 oIS

o8 Latiga Jany g sl sk oall g8 6Ly Ja 5Y1 dRna ) Liaad LIS el il 5 5 5al 5 Sall g
E5en Aaalall }thAAIuJ‘:.‘I,siJu_“,sl}ui,‘mLG@ ¢ fiuall b Jaxid ol Ll Syl
Ul Ll el 5 5 sladl U a5 ) il cciliia Jiall 5 cilalial) of U (5 52l 5 gt lalada W ol
5 piall A1 en s elgiaiag any Ao B lalinan g 5 AgSU Lkt 5 ¢ ilanll 553) g & jend
ol s EuS 5 A8 0 Clal¥l g Aalally il o5 S Axe sl preall (Al (3l sl il ol
b ol ol Line Ly g Ul 35 lilam s Laie 5 cipaall 5 5l ol 285 ¢ S Zlaall 35 ol
Jab el b LISy o) a8 USam 5 oLl lany o“’i bau__ui Oala s ccaali Laad o (A Ual) slac)

\ e o gy lia 138 (S8 cliad o8 coliial) Lidim s ) ) Uae oLl Josall 380 o5 200001 5 jaall §
\ganas U2 Alaadl oSy 631 [£18] J canlialln asl 138 bz 55

\. [¢1 4]0\ =Y\ Y\l 53810\ =YinNone

Output: D

Input: You will be given a multiple-choice question in Arabic. Read the context
and the question carefully, then select the correct option. Reply with ONLY the
letter of the correct choice (A, B, C, D, or E).\n sl 5 ¢Lli clmus L g3 a5 5l 138 IS
@ua&«w&w?\dﬁémﬁw_)Ln..Jh‘»_)\]lmA;ullLuu\alS»_li,a\‘,@‘,;l)g_.;h}‘,
Slen Aaalall gl A pad) 3 31 sals 58 5 Ul s Al gd oadtad) 3 Jenth ol Ll S )
Ul Ll el 5 g slall U a5 ) il ccilia Jiall 5 clalial) ol U (5 2l 5 gt alada W el
3 yaaall u_u’ Sen s clediad s dde 8 lalinaa gy cdgSU Libie 5 ¢ piliasll J5a] ga & jend
Sl s EuS ) B I LY g Al [yl g Jaall 55,80 daa il paall a5 (LY Bl < ol
&b ol ol Lol g W35 Lilia 5 Lasie 5 cdipaal) 1) 8 lendl o 5 ¢SS pluall i3 el
O eloadll 5 (LIST 5 o 88 USain 5 Ul Gty (al e (ol Gl 5 cciali Liad o5 (Al ) Slac)
s s Ui 138 (K6 cliad o coLiall Lilom g Cadl ) Line olLiialln Joaall i) o5 0 5l § 580
\gasa S Alaall oS (3 [g108] J ulialln Apaal) ) goeal) Sl

\.[&)8]-n\da ) ,alin\s Jleadin\Akilalin\ ,UadlinNone

Output: B

Figure 6: Case study comparing data construction for reasoning-based versus knowledge-based
tasks. The left example (a legal reasoning task) shows that a synthesis agent generates a structured,
high-quality output. The right example (an Arabic cultural classification task) demonstrates that a
search agent successfully finds a highly relevant existing dataset with broad factual coverage.

format demonstrates superior alignment with the reference set’s characteristics, exhibiting greater
comprehensiveness and analytical depth. This core advantage stems from its multi-round process,
which constructs a more refined analytical perspective and uncovers high-quality datasets that are
otherwise difficult to find. This enhances not only the breadth of information but, more importantly,
the logical coherence of the resulting dataset, leading to clear performance gains in the final fine-
tuning evaluation.
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Deep Research Case

Reference Set Sample (Accuracy: 0.33)

dataset_id: vnhsge/biology o

Input: Cau 81. Trén mot NST thuong, khoang cach gitra hai gen A va B 1a 34cM. Theo li thuyét, tan s6 hoan vi gitra hai
gen nay la\nA. 33%.\t\nB. 17%.\t\nC. 66%.\t\nD. 34%.

Output: D

Dataset Demand :

Find a dataset for supervised fine-tuning that contains Vietnamese national exam-style questions spanning multiple
academic subjects (literature, English, history, geography, civics, STEM) and includes both multiple-choice questions and
literary essays. The dataset should feature multi-modal inputs (text and accompanying images) and use an instruction-
input-output format where each sample includes a system directive, an input field with exam texts (and potential image
references), an output field with a multiple-choice answer (e.g., a letter), and an output_program field providing detailed
reasoning. It must support multi-task evaluation (question answering, text generation, reading comprehension, and visual
question answering) and be large-scale (from 10K up to 100K samples) so that it benchmarks LLM performance against
high-stakes national exam conditions with domain-specific reasoning and long-context handling.

OpenAl 03 Synthesis Dataset Sample (Accuracy: 0. 05)

Input: <<SYSTEM>> Ban la trg Iy luyén thi THPT Quéc Gia. Tré 16i theo yéu cau \n### Bai doc hiéu (Ngit van):\nDoc
doan trich sau va tra 16i cdu hoi.\n \"...Nhirng dém suong mua déng lanh budt, Mi vin nghe tleng 540 goi ban, tiéng cho sia
lang Xa vang vong trén nuong. Trong hoi men rugu ngd, Mi tuéng nhur mmh dang duogc di choi tét ngay truge..\" (trich Vo
chong A Phu — T6 Hoai)\nCau hoi: Tac dung ngh¢ thudt nbi bat cua chi tit \"tiéng sao goi ban\" trong doan trich 1 gi?\nA.
Khiic hoa bdi canh thién nhién ving cao.\nB. Thé hién khat vong sbng, khat khao tu do ctia nhan vat Mi.\nC. Tai hién
khéng khi 1& hoi tét ¢b truyén.\nD. T6 dam hoan canh nghéo khé, lac hau cia ngudi Méng.\n”

Output: Dap 4n: B\n\nLdi giai chi tit: \"Tiéng sao goi ban\" 13 mét motif 4m thanh quen thudc trong vin hoc Tay Bic, goi
nhip song ron rang cta tudi tré va tinh yéu. Chi tiét &y dot ngot vang Ién gii¥a dém dong gid lanh, dénh thic sau thim trong
Mi khat vong song manh liét bi kim nén bay lau. Do do, nd khong chi miéu ta khong khi 18 hoi hay bdi canh, ma chu yéu la
nghé thuat thir tinh tim hon nhén vat, thé hién khat vong séng, khat khao tu do.

OpenAl gpt-40 Search Dataset Sample (Accuracy: 0.005)

Huggingface dataset_id:

testli/English_exam31.1

Input: Please read the following instruction and its associated difficulty level, then produce the expected output
accordingly. Follow the guidelines carefully.\nGenerate 9 multiple-choice questions for the Vietnamese National High
School Graduation Examination in English, specifically for the reading comprehension advanced (requires deeper analysis
and inference from text) section. Each question should:\n - Include four answer options.\n - Clearly identify the correct
option, ensuring it is one of the provided options (i.e., it must be 0, 1, 2, or 3).\n - Ensure that the exam_section value
matches 6.\n Additional guidelines:\n 1. Ensure questions and passages are unique and challenging.\n 2. Use grammatically
correct English and avoid duplication of passage meanings, topics, or questions.\n 3. Exclude any harmful, inappropriate,
or culturally insensitive content.\n4. Ensure the Flesch-Kincaid Grade level is 11\n11

Output: ‘text_section_body’: \"My favorite Vietnamese festival is Tét Nguyén Dén, often called Tet, the Lunar New Year.
It’s a time for family reunions, enjoying delicious feasts, and celebrating new beginnings. Preparations begin weeks in
advance; families clean their houses meticulously symbolizing washing away the past year‘s bad luck. Red envelopes
containing lucky money are prepared for children and the elders exchange greetings and warm wishes. The family gathers
for elaborate meals, and traditional lion and dragon dancers parade through the streets carrying joyous celebration through
its many activities. This multi-day celebration fills me with warmth and hope every year.\, \n’question‘: [’question_text_0:
\\‘What is the most vital essence of Tet ?\\,\\noptions_of question_text_0: [\\‘The festival takes one day to celebrate.\\’,
\\‘Homes are lightly cleaned up to represent the season.\\’, \\‘The festival only involves festive meals.\\’, \"It\\'s primarily
characterized by gathering family, enjoying feast,and welcoming new beginnings\"],\\ncorrect_option_of_question_text 0:
0,\\n', \"question_text_1:'"What reflects deep aspects of celebrating the Tet festival preparing for its

activities ?',\noptions_of question_text_1: ['Children enjoy no such celebrations.', 'Preparing takes days but the traditions
are few.', 'The money given is not particularly special...

OpenAl DeepResearch Search Dataset Sample (Accuracy: 0.19)

Huggingface dataset_id:

SEACrowd/m3exam

Input: 1. DOC HIEU (3,0 diém)\nDoc doan trich:\n“chinh me d¢ anh hung va truyén thuyét\ntd tap 1&u lop 14 lop
tranh\ncét cudng nhau bang ludi liém\nban chan tho quanh nam bun ldm\nchwa mot 1an vém qua sir sach\ntap con budc vin
vao ca dao tyc ngit\ndu udng nude dau 1ong vin nhé ngudn\nthuong tir céi kién con ong\ntim rugt bam gan tht bon
ac\ndan tdc toi khi dung day lam nguoi\nla dimg theo dang me'\n\"don ganh tre chin dan hai vai\" (1)\nmua ha gi6 Lao
quang quat\nmiia déng sit se gi6 bic\ndan toc t6i khi ding ddy lam ngudi\nmd hoi va mot troi sao trén dat\ntrdi sao lin
hoa thanh mudn mach nudc\nchay 4m thAm chay doc thoi gian “\n\n(1) Cu tho cua Nguyén Du. Trich Nhiing ngum di to1
bién, Thanh Thao, NXB Quan d6i Nhan dan, 2004, tr. 53-54)\nThuc hién cac yéu cAu sau:\nCau 1. Xéac dinh thé tho cta
doan trich.”

Output: Thé tho cta doan trich: Thé tho tu do

Figure 7: In this case, deep research agent demonstrates superior performance over DataResearcher
with search and synthesis agents.
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Failed on Corner Case

Reference Dataset Sample (Accuracy: 0.917)

Huggingface dataset_id:

ofir408/MedConceptsQA

Input: Question: What is the description of the medical code 89.43 in ICD9PROC?\nA. Enteral infusion of
concentrated nutritional substances\nB. Cardiovascular stress test using bicycle ergometer\nC. Measurement of
systemic arterial blood gases\nD. Replacement and removal of therapeutic appliances, optionl: Enteral infusion of
concentrated nutritional substances, option2: Cardiovascular stress test using bicycle ergometer, option3:
Measurement of systemic arterial blood gases, option4: Replacement and removal of therapeutic appliances
Output: Cardiovascular stress test using bicycle ergometer

Dataset Demand :

Search for a dataset designed for few-shot learning evaluation that uses an instruction fine-tuning format with
system-input-output triplets. The dataset should consist of detailed multi-choice questions with contextual prompts
and enumerated answer options (e.g., A, B, C, D) along with a system directive such as \"Select the best option.\"
The expected output must be a short, full-sentence answer that exactly selects the correct option based on domain-
specific content, including professional and academic tasks like medical coding (e.g., ICD9PROC). The collection
should encompass 1K-10K examples focused on assessing factual accuracy and generalization in low-resource
settings.

OpenAl 03 Synthesis Dataset Sample (Accuracy: 0.0)

Input: System: You are a certified medical coding assistant. Select the best option.\n\nContext: A 58-year-old
patient underwent a laparoscopic cholecystectomy with intraoperative cholangiography for symptomatic
gallstones.\n\nQuestion: Which ICD-9-CM procedure code most accurately describes the primary surgical
procedure performed?\nOptions:\nA. 51.22 — Cholecystectomy, not otherwise specified\nB. 51.23 — Laparoscopic
cholecystectomy\nC. 51.24 — Open partial cholecystectomy\nD. 51.19 — Other excision of gallbladder\n\nTask:
Select the best option.

Output: The correct option is B.

OpenAl gpt-40 Search Dataset Sample (Accuracy: 0.067)

Huggingface dataset_id:

shuyuej/instruction_tuning_data

Input: You are a medical expert. Please read the following instruction and patient case carefully, then select the
best answer among the provided options and explain your reasoning in detail.\nY ou're a doctor, kindly address the
medical queries according to the patient's account.\nAnalyze the question and answer with the best option.\nA 23-
year-old pregnant woman at 22 weeks gestation presents with burning upon urination. She states it started 1 day
ago and has been worsening despite drinking more water and taking cranberry extract. She otherwise feels well and
is followed by a doctor for her pregnancy. Her temperature is 97.7°F (36.5°C), blood pressure is 122/77 mmHg,
pulse is 80/min, respirations are 19/min, and oxygen saturation is 98% on room air. Physical exam is notable for an
absence of costovertebral angle tenderness and a gravid uterus. Which of the following is the best treatment for this
patient?\n A. Ampicillin\n B. Ceftriaxone\n C. Doxycycline\n D. Nitrofurantoin

Output: The correct answer is (D).\n\nExplanation: The patient's presentation is indicative of urinary tract
infection (UTI), which is common in pregnant women due to urinary stasis that occurs from progesterone-induced
ureteral relaxation and compression of the bladder by the growing uterus. UTI in pregnancy is considered
complicated by the inherently increased risk of pyelonephritis in this population and is treated with 7 days of
antibiotics regardless of symptoms. Nitrofurantoin, as in option D, is first line for UTI in pregnancy due to its
safety profile. It's important to note, though, that it's not used in late pregnancy (i.e., at or after 38 weeks of
gestation) or in patients with a creatinine clearance of <40-60 mL/min due to hemolytic anemia risk in the neonate
and lack of drug concentration in renal tissue, respectively.\n\nAmpicillin (option A) and Ceftriaxone (option B)
are not typically first-line options for uncomplicated cystitis. Doxycycline (option C) should be avoided in
pregnancy due to the risk of teratogenicity.

Figure 8: Performance comparison in a challenging corner case. All evaluated methods show
degraded performance in this scenario.

C.3 LIMITATIONS OF CURRENT METHODS FOR CORNER CASES

Despite their power, existing search and synthesis methods are fundamentally constrained by the data
distributions they were trained on. Figure [8]illustrates a “corner case”—a task scenario so niche that
constructing a suitable training dataset from existing sources is nearly impossible without directly
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plagiarizing the reference set (Shoham & Rappoport, 2024)). Consequently, the resulting fine-tuning
performance is markedly poor.

This limitation is rooted in the data-dependent nature of current agents. Search methods are limited
to what is indexed, and synthesis methods are limited to patterns seen during training. Because real-
world data distributions are imbalanced and often underrepresent the niche, “corner case” scenarios,
models lack the necessary prior knowledge to perform well. This demonstrates an inherent limitation
in agents that rely solely on existing data distributions and calls for the development of more flexible
and adaptive solutions.

D METADATA

Our benchmark provides comprehensive metadata annotations for each task instance to facilitate
systematic evaluation and analysis. Each MetaTriplet contains the following structured metadata
components:

* Introduction: The task and area description of this task instance.
» Task: The classification of task type.

* Question: Question Content Type - Describes the primary knowledge domains and content
types covered by the questions in the test dataset.

* Input: Structured retrieval results and contextual information - Input consists of formatted
search results containing metadata fields such as descriptions, display URLSs, titles, actual
URLs, and ranking information, along with potential tabular data, document snippets, and
conversational dialogue history for multi-turn scenarios.

* Qutput: Direct factual answer format - Outputs are concise, definitive answers that directly
address the question based on the provided context, formatted as complete statements such as
"The answer is [specific fact]” for factual queries, numerical values for arithmetic problems,
and explicit acknowledgment when questions cannot be answered.

» Example: dataset instance example.

E METADATA EVALUATION OF DATASETRESEARCH—PRO

We present the metadata results of six discovery approaches on DatasetResearch-pro through
aradar chart, as shown in Figure[9] The chart clearly demonstrates significant performance differences
between the two major method categories, particularly highlighting the comprehensive advantages
of the Deep Research method in the Search Group across all dimensions, with especially excellent
performance in Task and Output Alignment. The Deep Research approach brings comprehensive
benefits, particularly in task and output aspects. Notably, generative methods perform most promi-
nently in the Output and Intro dimensions, reflecting the inherent advantages of synthetic data in
output quality and instruction-following accuracy for tasks. Furthermore, the comparison between
OpenAl 03 w/ ref and w/o ref validates the positive impact of reference samples on improving data
generation quality.

F PROMPTS

F.1 PROMPTS FOR DATASET CURATION

This prompt instructs OpenAl 03 to generate a comprehensive dataset demand description by trans-
forming extracted metadata into generic, discoverable descriptions that omit specific identifiers while
preserving all essential characteristics needed for effective dataset retrieval.
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GPT-40-search —eo— OpenAl DeepResearch Gemini DeepResearch OpenAl 03 w/o ref
GPT-40-mini-search Grok DeepResearch OpenAl 03 w/ ref
Ques Task Ques Task
Input| Intro Input Intro
Output Example Output Example
Search & DeepResearch Group Synthesis Group

Figure 9: Radar chart illustrating the average metadata alignment scores for the Search Group,
Generation Group, and DeepResearch Group on the DatasetResearch-pro subset. The
Generation and DeepResearch groups achieve higher and more balanced scores, indicating superior
semantic alignment with the ground-truth dataset requirements.

Prompt for demand description generation

Imagine you are performing a dataset search task, and the ultimate ground truth (the most
ideal dataset found) is the dataset I provided to you. Now, based on your extraction of this
dataset’s metadata in the previous conversation, generate a prompt for the dataset search task
(this prompt will be passed to a powerful deep research agent to complete the task). This
prompt needs to include all the metadata from the previous conversation, except for the
example.

Previous metadata extraction: {metadata json}

Please generate a search prompt that a research agent could use to find this exact type of
dataset. The prompt should be comprehensive and include all the key characteristics that
would help identify this specific dataset type.

IMPORTANT REQUIREMENTS:

1. DO NOT mention the original dataset name or any specific dataset identifiers

2. Include all metadata information EXCEPT the example field

3. For dataset size/samples count, use approximate ranges rather than exact numbers (e.g.,
“around 10K samples” instead of exact counts)

4. Focus on the task type, domain, input/output characteristics, and source information

5. Make the prompt generic enough that it could find similar datasets, not just the specific one

Output the search prompt directly without any additional formatting or explanation.

F.2 PROMPTS FOR DATA RESEARCHER

This prompt instructs Al to search Hugging Face for publicly accessible datasets and return a specified
number of dataset IDs in strict JSON format.
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Prompt for search agent

{agent_query}

IMPORTANT: You must search for publicly accessible datasets from Hugging Face
and return exactly {NUM_SEARCH} suitable dataset IDs.

SEARCH STRATEGY:

- First, search for datasets that closely match the query

- If you cannot find enough datasets, gradually relax the search criteria to find more potential
datasets

- Include both popular and less popular datasets that might be relevant

- Consider datasets with similar tasks, domains, or data types

OUTPUT FORMAT REQUIREMENTS:
You MUST output your response in EXACTLY this JSON format - do not include any other
text or explanations:

{’search_datasets’: [’dataset_id_1, ’dataset_id_2’, ’dataset_id_3’, ’dataset_id_4’, ’dataset_id 5",
*dataset_id_6’, "dataset_id_7’, *dataset_id_8’, *dataset_id_9’, "dataset_id_10’]}

- Use ONLY the exact format above

- Replace dataset_id_1, dataset_id_2, etc. with actual Hugging Face dataset IDs
- Ensure you provide exactly {NUM_SEARCH} dataset IDs

- Do not include any text before or after the JSON

- The JSON must be valid and parseable

This fine-tuning data extraction prompt guides Al to analyze dataset structure and establish conversion
rules for transforming it into fine-tuning format with input-output fields, requiring a mandatory task-
specific instruction template.
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Prompt for fine tuning data extraction from huggingface datasets

You are tasked with analyzing a dataset and determining how to convert it into a fine-tuning
format for language models. The fine-tuning data should have exactly two fields: "input” and
“output”.

{readme_section}
{config_section}
{split_section }{sample_section }

Based on the README content (if available) and the sample data, please analyze
and provide the following information:

1. **Selected Config**: Which config/subset was selected from the dataset (output
”None” if there’s only one config)

2. **Selected Split**: Which split was selected (train/test/validation/etc.)

3. **Conversion Rules**: Describe the rules for converting the dataset samples into
input/output format for fine-tuning, including:

- Which columns/fields should be combined for the “input”

- Which columns/fields should be used for the “output”

- **MUST include appropriate instruction text** (e.g., “Please answer the following
question:”, ”Classify the sentiment:”, " Translate the text:”, etc.)

- The exact format and order for combining the fields

- Any preprocessing needed for the data

**IMPORTANT REQUIREMENTS: **

- The instruction_template” field MUST contain a clear, specific instruction appropriate for
the task

- The instruction should tell the model exactly what to do (e.g., answer questions, classify,
translate, summarize, etc.)

- Do NOT use "null” for instruction_template - always provide a meaningful instruction

- The input should clearly guide the model on what output is expected

Please provide your response in the following JSON format:

99, 9

’selected_config”: “config_name or None”,

“selected_split”: ’split_name”,

“conversion_rules’:

{

“input_components”: [list of field names to include in input (use exact field names from
sample)”],

“output_components”: [’list of field names to include in output (use exact field names from
sample)”’],

“instruction_template”: "REQUIRED: Clear instruction text telling the model what to do”,
“input_format”: ”detailed description of how to format the input”,

“output_format”: “detailed description of how to format the output”,

“example_conversion”:

{

“input”: “example input with instruction based on the sample”,

99, 9

“output”: “example output based on the sample”

}
}
}

Important: Make sure the conversion makes sense for language model fine-tuning
and follows common patterns for instruction-following datasets. The instruction_template is
MANDATORY and should be task-specific.
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This synthesis agent prompt tasks Al with directly synthesizing a specified number of high-quality
training samples based on data requirements, aiming to create superior fine-tuning data compared to
existing searched datasets.

Prompt for synthesis agent

You are a specialized expert in fine-tuning data synthesis. You have the following dataset
search requirement: {agent_query}

Your task is to directly synthesize {num_data} corresponding examples based on
this requirement. The goal is to create synthetic data that, when used for fine-tuning a large
language model, will achieve better performance than fine-tuning on existing datasets found
through the search.

Here is a reference example for guidance: {example_data}

You MUST output exactly {num_data} samples in JSON list format, where each
sample contains only “input” and “output” fields, following this exact format:

99, 9 9 3 9%, 9 9 9

{7input”: ”..”, output”: ..” }, { "input”: ”..”, "output™: ”..” }, ...

Important requirements:

1. Generate EXACTLY {num.data} examples

2. Each example must have only “input” and ~output” fields

3. Follow the task type and domain specified in the search requirement

4. Use the reference example to understand the expected format and style

5. Ensure diversity across your generated examples

6. Focus on creating high-quality data that will improve model performance through fine-
tuning

F.3 PROMPTS FOR METADATA EVALUATION

This prompt instructs Al to analyze a HuggingFace dataset’s README and sample data to ex-
tract comprehensive metadata including task type, domain, input/output descriptions, and source
information in structured JSON format.
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Prompt for dataset metadata generation

You will see a README file introduction from a HuggingFace dataset and one sample from
it. You need to output the following content based on these materials. Please output in JSON
format.

README content:
{readme_content}{sample_section }

Please analyze the dataset based on both the README and the sample (prioritize
the sample when there are conflicts, as the README might be vague while we’ve ensured
all samples in the dataset are similar to the provided one), and output the following metadata
in JSON format:

“introduction”: A one-sentence introduction of the dataset content, concise and clear,
including key information about task, domain, input and output”,

“task”: Directly output one of: multiple-choice, question-answering, summarization,
text-classification, text-generation, translation”,

”domain”: Directly output the domain the dataset content involves, such as: aerospace,
finance, linguistics, politics, sociology, biology, etc.”,

“input”: “Directly output the dataset’s input content, including its language, such as: an
English news text for translation, a multiple-choice question in French philosophy domain,
etc. (Consider both sample and README, don’t be limited by single sample’s domain, but
also don’t be too broad like README)”,

“output”: “Directly output the dataset’s output content, including its language, such as: a
number O or 1, a letter A/B/C/D, translated Italian text, etc.”,

”source”: “’Directly output the dataset’s source: real-world, human-generated, machine-
generated, etc.”,

“example”: “Directly extract the sample provided in the prompt and put it here”,
”samples_count”: {samples_count}

Important: Please strictly follow the above JSON format and provide a comprehensive
analysis based on both README and sample data.

This metadata evaluation prompt tasks Al with comparing two dataset metadata objects across
multiple dimensions and providing numerical similarity scores (0-10) for each dimension along with
an overall average score in JSON format.
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Prompt for metadata evaluation

I need you to compare two dataset metadata and score their matching degree across the
following dimensions.

Dimension descriptions:

- introduction: Dataset introduction and overview

- task: Task type (e.g., text-classification, question-answering, etc.)

- domain: Domain field (e.g., finance, politics, biology, etc.)

- input: Description of input content

- output: Description of output content

- source: Data source (e.g., human-generated, machine-generated, etc.)
- example: Sample data

- samples_count: Number of samples

Original dataset metadata:
{original_metadata}

Search dataset metadata:
{search_metadata}

Please score each dimension on a scale of 0-10 for matching degree, where:

- 10 points: Complete match or highly similar

- 0 points: Complete mismatch or opposite

- Output an integer score. If a dimension is missing or meaningless in one or both metadata,
mark it as null

Please output the result strictly in the following JSON format:

”introduction”: score or null,

”task”: score or null,

”domain”: score or null,

“input”: score or null,

“output”: score or null,

”source”’: score or null,

“example”: score or null,

”samples_count”: score or null,

“average”: average score (excluding null values) or null

}

Note:

1. Only output JSON format, do not include any other text
2. Scores must be numbers between 0-10 or null

3. average is the mean of all non-null scores

G CONFIG FOR SUPERVISED FINE-TUNING

Below is the standard configuration file for supervised fine-tuning using the LlamaFactory framework,
based on the Llama-3.1-8B model with bfloat16 precision and full-parameter fine-tuning strategy:
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Config for supervised fine-tuning

bf16: true

cutoff_len: 4096

dataloader_num_workers: 0

dataset: {dataset_id}

ddp_timeout: 180000000

deepspeed: examples/deepspeed/ds_z3_config.json
do_train: true

finetuning_type: full

gradient_accumulation_steps: 2

learning_rate: 1.0e-05

logging_steps: 10

Ir_scheduler_type: cosine

max_samples: 1000

model_name_or_path: models/LLama3/Llama-3.1-8B
num_train_epochs: 3.0

output_dir: LLaMA-Factory/results/{task_id }/saves
overwrite_cache: true

overwrite_output_dir: true
per_device_train_batch_size: 1

plot_loss: true

preprocessing_num_workers: 16

report_to: none

resume_from_checkpoint: null

save_only_model: false

save_steps: 1000

stage: sft

template: llama3

trust_remote_code: true

warmup_ratio: 0.1
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