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ABSTRACT
The search for suitable datasets is the critical “first step” in data-
driven research, but it remains a great challenge. Researchers often
need to search for datasets based on high-level task descriptions.
However, existing search systems struggle with this task due to
ambiguous user intent, task-to-dataset mapping and benchmark
gaps, and entity ambiguity. To address these challenges, we intro-
duce KATS, a novel end-to-end system for task-oriented dataset
search from unstructured scientific literature. KATS consists of
two key components, i.e., offline knowledge base construction and
online query processing. The sophisticated offline pipeline automat-
ically constructs a high-quality, dynamically updatable task-dataset
knowledge graph by employing a collaborative multi-agent frame-
work for information extraction, thereby filling the task-to-dataset
mapping gap. To further address the challenge of entity ambigu-
ity, a unique semantic-based mechanism is used for task entity
linking and dataset entity resolution. For online retrieval, KATS uti-
lizes a specialized hybrid query engine that combines vector search
with graph-based ranking to generate highly relevant results. Ad-
ditionally, we introduce CS-TDS, a tailored benchmark suite for
evaluating task-oriented dataset search systems, addressing the crit-
ical gap in standardized evaluation. Experiments on our benchmark
suite show that KATS significantly outperforms state-of-the-art
retrieval-augmented generation frameworks in both effectiveness
and efficiency, providing a robust blueprint for the next generation
of dataset discovery systems.
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1 INTRODUCTION
The search for suitable datasets is a foundational yet often ardu-
ous step in any data-driven scientific investigation. In response to
this pressing need, the problem of dataset discovery has attracted
growing attention from both academia and industry, leading to the
development of a range of data search systems [3, 5, 17]. However,
the dominant paradigm among these systems remains keyword-
based retrieval, which implicitly assumes that users can articulate
their data needs using structured metadata or keyword fields. This
approach presumes that users have already translated their high-
level research objectives into a precise data specification.

In contrast, recent empirical studies reveal a stark misalignment
between this assumption and real-world behavior: for 79% of data
professionals, identifying a relevant dataset is the single most com-
mon and critical task [17]. This underscores the importance of
task-oriented dataset search, i.e., retrieving datasets based on natu-
ral language task descriptions, which remains a long-standing and
unsolved challenge [7].

We identify three fundamental obstacles that hinder progress in
this domain:

• Ambiguous User Intent. A substantial “semantic gap”
exists between users’ high-level goals and the low-level
keyword queries typically required by search engines. This
misalignment often yields irrelevant results [7].

• Task-to-Dataset Mapping and Benchmark Gaps. Even
when a system can interpret user intent, there exists no ex-
plicit mapping between scientific tasks and their associated
datasets. Moreover, the lack of standardized benchmarks
has hindered rigorous evaluation and comparative study of
task-oriented dataset search systems.

• Entity Ambiguity. Datasets are inconsistently referenced
across the literature, e.g., by acronym, full name, or version,
which leads to fragmented results and low recall [7].

licensed to the VLDB Endowment.
Proceedings of the VLDB Endowment, Vol. 19, No. 5 ISSN 2150-8097.
doi:10.14778/3796195.3796209

973

https://doi.org/10.14778/3796195.3796209
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://github.com/starkersawz666/KATS
https://doi.org/10.14778/3796195.3796209
https://www.acm.org/publications/policies/artifact-review-and-badging-current


Fortunately, recent technological advances offer new opportu-
nities to tackle these challenges. Large Language Models (LLMs)
have demonstrated impressive capabilities in semantic understand-
ing and reasoning [39], making them well-suited for interpreting
complex task descriptions. In parallel, the Retrieval-Augmented
Generation (RAG) paradigm [23] provides a flexible mechanism for
grounding LLMs in external knowledge sources.

Despite these advances, existing RAG frameworks are typically
designed for general-purpose question answering, not for task-
oriented dataset discovery. For instance, HippoRAG focuses on
multi-hop reasoning [14], while Raptor’s hierarchical design may
miss cross-document associations [24]. Crucially, core issues such
as entity ambiguity, task-dataset mapping, and relevance ranking
in the context of dataset retrieval remain under-addressed. Further-
more, building and operating RAG systems at scale remains time-
and resource-intensive.

To address these issues, we presentKnowledge graph-Augmented
Task-oriented dataset Search (KATS), a purpose-built system for
task-driven dataset discovery. KATS operates through a two-stage
pipeline: (1) an offline component that constructs and updates a
task-dataset Knowledge Graph (KG), and (2) an online hybrid query
engine that integrates LLM-powered retrieval with graph-based
reasoning to surface relevant datasets.

Importantly, we also introduce a standardized benchmark for
task-oriented dataset search derived from scientific literature. Scien-
tific papers are a natural source for this purpose, as they routinely
describe both the task and the datasets used. This implicit alignment
enables us to curate realistic task–dataset pairs at scale, offering a
reproducible and representative framework for evaluating dataset
discovery systems.

Our key contributions are summarized as follows:
• Wedevelop a standardized benchmark suite for task-oriented

dataset search, constructed from curated scientific literature.
This addresses a longstanding evaluation gap and supports
systematic assessment of dataset discovery methods.

• We design a novel end-to-end pipeline that automatically
builds a task-dataset KG, augmented with a dedicated entity
resolution module to combat dataset naming ambiguities.

• We propose a hybrid query engine that fuses dense retrieval
with graph-based relevance ranking, yielding accurate and
task-relevant dataset recommendations.

• Extensive experiments demonstrate that KATS outperforms
existing LLM-based approaches in both effectiveness and
computational efficiency.

The remainder of this paper is structured as follows: Section 2
surveys related work in dataset search and RAG systems. Section 3
defines the task-oriented dataset search problem and presents our
benchmark. Section 4–6 detail the system architecture. Section 7 re-
ports experimental results, followed by discussions and conclusions
in Sections 9 and 10.

2 RELATEDWORK
2.1 Dataset Search Systems
Dataset search has long been recognized as a fundamental yet chal-
lenging problem in both academia and industry. A recent survey
shows that the most common goal of data search is to find the

initial dataset for a given task [17]. However, this process is chal-
lenging given the existing data quality and search methods. Existing
search systems are often hampered by poor metadata quality [27].
Meanwhile, there is a semantic gap between user intent and system
capabilities, including understanding user queries in the context
of available datasets and matching semantically related but syntac-
tically different datasets [30]. Our work is conducted within this
extensive research context, aiming to promote the evolution of the
dataset discovery paradigm from simple keyword searches to more
intelligent and user-centric approaches.

2.1.1 General and Web-scale Systems. In the early stages of dataset
search, researchers focused on building web-scale discovery tools,
of which Google Dataset Search [5] is the most representative. This
system relies on data owners to publish structured metadata in
accordance with open metadata standards such as schema.org [34]
and Croissant [1]. By aggregating this metadata, the system can
index massive datasets. However, the fundamental limitation of this
approach lies in its dependence on high-quality, manually curated
metadata. When metadata is missing or of poor quality, search
results are significantly degraded.

2.1.2 Semantic-based Systems. With the spread of the “data lake”
concept [4], dataset discovery faces new challenges. It has become
complicated to discover relevant datasets in an environment where
large amounts of heterogeneous datasets are stored in raw format
with missing or inconsistent pattern information. In response to
these challenges, a series of advanced semantic-based systems has
emerged. Aurum [32] is a representative semantic system. It builds
an enterprise KG that systematically captures syntactic relation-
ships between data columns, enabling users to perform flexible
exploratory queries. Moreover, D3L [4] proposes a distance-based
framework that combines multiple types of evidence to discover
related tables in data lakes. In addition, Table Union Search [26]
enables joint searches of table data in an open data environment,
improving the quality of related table discovery and search effi-
ciency. Similarly, Auctus [6] is a search engine that supports data
enrichment queries, allowing users to find datasets that can be
merged with a given table.

After the emergence of LLMs, systems with LLM integration
have demonstrated the power of using LLMs in dataset retrieval.
PNEUMA [3] combines LLMs with traditional information retrieval
techniques to efficiently and accurately discover relevant tabu-
lar data from large collections based on natural language queries.
LEDD [2] utilizes LLM to generate a hierarchical global directory
automatically and supports semantic table search using natural
language. Furthermore, SemExplorer [37] displays a user interface
designed specifically for customized semantic dataset search, high-
lighting the importance of human-computer interaction in solving
complex discovery problems. AUTOTUS [15] combines the contex-
tual understanding capabilities of LLM with its multi-stage training
strategies to achieve deep representation learning of complex rela-
tionships between tables, which significantly improves the accuracy
and robustness of automatic joint table search. This series of re-
search studies clearly demonstrates a paradigm shift from reliance
on external metadata to a deeper understanding of data content.
However, this is still insufficient to fully satisfy users’ needs to find
datasets that serve their specific “tasks”.
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Figure 1: Overall architecture of the KATS system.

2.1.3 Task-Driven Dataset Search. The task-driven paradigm will
be a key shift in the field of dataset search, motivated by the real-
world work practices of data professionals. The recent survey of
data professionals [17] identified task-driven search as one of the
four key desiderata for next-generation dataset search systems.
This highlights a critical need derived directly from user practice:
users are often unclear about the name of the dataset they need,
but rather seek datasets suitable for accomplishing a specific task.

Recent research has begun to explore this task-driven paradigm.
For instance, METAM [12] proposes a goal-oriented framework
where the “task” is a computable Machine Learning model. The sys-
tem iteratively augments a dataset to improve a quantitative utility
score, such as the F1-score. Similarly, Mileena [16] also defines the
task as an ML model, but focuses on solving the critical challenges
of search latency and data privacy by using semi-ring sketches.

While these systems are powerful and address important aspects
of the problem, their definition of a “task” relies on a formal and
quantifiable function. In contrast, our work tackles a more common
scenario where a user’s task is expressed as an open-ended natural
language description. This formulation requires a fundamentally
different approach centered on a deep semantic understanding of
the user’s intent and its relationship to the knowledge within the
unstructured text. Addressing this challenge of task-driven search
from natural language is the primary motivation for our work.

2.2 Knowledge Graph-based RAG
The advent of RAGhas opened up new areas for knowledge-intensive
tasks. Recent research has gone beyond simple vector-based re-
trieval by proposing more sophisticated architectures that allow
the construction of knowledge corpora for more efficient retrieval.
Therefore, these approaches are applicable to the task of dataset
search from unstructured scientific literature. We position our work
in relation to several of these state-of-the-art frameworks, which
we also employ as strong baselines in our experiments.

These advanced systems represent different strategies for struc-
turing knowledge. GraphRAG [11] constructs an entity-based KG

from the source documents using LLM and identifies communities
to generate abstractive summaries for answering broad questions.
The HippoRAG series of works presents a neurobiologically in-
spired framework for enhancing the reasoning capabilities of RAG.
The original HippoRAG [14] introduced the core idea of using
the Personalized PageRank on an LLM-constructed KG to enable
multi-hop retrieval. Then, its successor HippoRAG 2 [20] builds
upon this foundation to address several limitations of the origi-
nal entity-centric approach. Specifically, HippoRAG 2 introduces
passage nodes and a more sophisticated query-to-triple match-
ing mechanism for deeper contextualization. It also incorporates
a recognition memory module to improve the retrieval accuracy
and efficiency. RAPTOR [33] recursively clusters and summarizes
text chunks to build a hierarchy, allowing the system to retrieve
information at varying levels of abstraction for general question
answering over long documents.

While these systems are powerful general-purpose frameworks,
they are not specifically optimized for the unique challenges of
dataset discovery from scientific literature. In contrast, our pro-
posed KATS system is an end-to-end pipeline tailored for this spe-
cific task. It incorporates specialized mechanisms, such as resolving
entity ambiguity and datasets ranking, which are not the primary
focus of these more general RAG architectures.

3 PROBLEM DEFINITION
This section provides a formal definition of our primary problem,
Task-Oriented Dataset Search problem. Subsequently, we de-
scribe the construction and characteristics of our new benchmark
suite, which was created to rigorously evaluate systems on this
specific task.

3.1 The Task-Oriented Dataset Search Problem
Let 𝐶 = {𝑐1, 𝑐2, · · · , 𝑐𝑛} be a corpus of unstructured scholarly

documents. Given a task query 𝑇 in natural language from a user,
the goal of a Task-Oriented Dataset Search system is to return
a ranked list of datasets 𝐷 = {𝑑1, 𝑑2, · · · , 𝑑𝑘 } such that each dataset
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𝑑𝑖 corresponds to a unique dataset entity within the corpus 𝐶 , and
is relevant to solving the task described by 𝑇 . The objective of the
system is to maximize the relevance of the returned list of datasets
𝐷 . The relevance of a dataset to a task query is defined according to
the ground-truth annotation criteria established in our benchmark
suite (see Section 3.2).

3.2 Benchmark Suite
While several benchmarks exist for question answering (e.g., Hot-
PotQA [38]) or general document retrieval (e.g., BEIR [35]), there
is a lack of established benchmarks specifically designed for evalu-
ating task-oriented dataset search over a large corpus of scientific
documents. For a rigorous and reproducible evaluation, we con-
structed a new benchmark suite, which we refer to as the Computer
Science Task Dataset Search (CS-TDS).

3.2.1 Corpus Curation. Our suite consists of two benchmarks built
upon corpora of different scales to test system performance and
scalability, with their detailed statistics summarized in Table 1. The
first one, CS-TDS𝑀 , is constructed from a corpus of 628 computer
science papers, and the second, larger benchmark CS-TDS𝐿 is built
from 2101 papers. These papers were obtained using web crawlers
from computer science conferences, e.g., NeurIPS.

Table 1: Statistics of CS-TDS benchmark suite.

Statistic CS-TDS𝑀 CS-TDS𝐿

# Papers in Corpus 628 2, 101
# Task Queries 47 204
# Datasets ∼ 1, 779 ∼ 7, 525
# Unique Datasets ∼ 1, 217 ∼ 4, 180
Year Span 2022, 2023 2024

3.2.2 Query Generation. The queries are generated as natural lan-
guage descriptions of a task derived from real papers by an LLM
andmanually verified. 47 queries are selected for CS-TDS𝑀 , and 204
are selected for CS-TDS𝐿 . To ensure the evaluation tests a system’s
generalization ability rather than its ability to simply retrieve the
source document, the paper fromwhich the query and ground-truth
answer were derived is held out from the search corpus. Below is a
representative example from our benchmark:

Benchmark Query Example

TaskQuery: “Assess HSIVI-SM’s ability to accelerate diffusionmodel
sampling while maintaining sample quality, measured via Fréchet
Inception Distance (FID).”

Ground-Truth Dataset: “CIFAR-10”, which contains 60, 000 32 ×
32 color images in 10 different classes [22].

3.2.3 Ground-Truth Annotation. For each query, the standard an-
swer is set as the corresponding dataset actually used in the paper.
To avoid “false negatives”, other reasonable answers besides the
original answer are also considered correct answers.

Formally, a dataset 𝑑𝑖 is considered relevant to a task query 𝑇
if it satisfies one of the following conditions during ground-truth
annotation:

• It is identical to the dataset used in the source paper for 𝑇 .
• It is a variant or alias of the dataset (e.g., MIMIC-III vs.

Medical Information Mart for Intensive Care III).
• It is a functionally equivalent substitute, typically from

the same dataset family or with the same task objective
(e.g., LAION-5B vs. LAION-400M for large-scale image-text
pretraining).

These criteria and the corresponding annotations are manually
validated and used to determine the binary relevance label during
evaluation. Systems are scored based on how well they retrieve
such relevant datasets for each query.

4 SYSTEM OVERVIEW
In this section, we introduce the design of our proposed KATS in
detail. Firstly, we present the overall architecture and the function
of each component. Then, we formally define the data model of our
KG, which is the core data structure managed by the system.

4.1 Overall Architecture
As illustrated in Figure 1, the architecture of KATS is divided into
two major phases: an offline phase for knowledge base construction
and an online phase for query processing.

4.1.1 Offline Knowledge Base Construction. The offline phase be-
gins with Stage 1: Extraction & Structuring. In this process,
the input papers are transformed into a structured format for the
following knowledge base construction. The Preprocessor mod-
ule normalizes heterogeneous source documents (mostly in PDF
format) into the plain text representation. Then, the downstream
Extractor module uses an LLM to extract task and dataset infor-
mation into JSON format.

Structured information is then passed to Stage 2: Knowledge
Base Construction. It involves two interconnected workflows
after structured information is imported into the database. The
vector workflow generates dense vector representations for tasks
and datasets, and stores them in the Vector Indexes. Meanwhile,
in the graph workflow, the GraphBuilder module populates the
initial KG. Subsequently, the Entity Resolution module further
refines the KG with the previously generated vector embeddings.

4.1.2 Online Query Processing. The online phase is designed for
real-time user interaction.When a user submits a Natural Language
Task Query, the Hybrid Searcher interacts with the offline knowl-
edge base. It queries the Vector Indexes for semantic similarity
and the KG for relational task-task and task-dataset information.
Combining these signals, the searcher produces a Ranked List of
Datasets that are most relevant to the user’s task. This list is then
passed to a downstream QA LLM, which can re-rank the results for
better precision and generate a final natural language answer for
the user.

4.2 Task-Dataset KG
The core data structure managed by KATS is the Task-Dataset KG.
This graph is formally defined as 𝐺 = (𝑉 , 𝐸), where 𝑉 represents
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the set of nodes (vertices) and 𝐸 represents the set of undirected
edges.

Table 2: Notations and meanings.

Notation Meaning

𝐺 = (𝑉 , 𝐸,𝑊 )
Undirected, weighted KG with vertex set 𝑉 =

𝐶 ∪𝐷 ∪𝑇 , edge set 𝐸 = 𝐸𝐶,𝐷 ∪ 𝐸𝐷,𝑇 ∪ 𝐸𝑇,𝑇 , and
weight function𝑊 .

𝐶 Set of document nodes.
𝐷 Set of dataset nodes.
𝑇 Set of task nodes.

𝐸𝐶,𝐷 Set of edges (𝑐, 𝑑), where 𝑐 ∈ 𝐶 , 𝑑 ∈ 𝐷 .
𝐸𝐷,𝑇 Set of edges (𝑑, 𝑡), where 𝑑 ∈ 𝐷 , 𝑡 ∈ 𝑇 .
𝐸𝑇,𝑇 Set of edges (𝑡1, 𝑡2), where 𝑡1, 𝑡2 ∈ 𝑇 .

The set of vertices 𝑉 consists of three distinct types of nodes:
• Document Node: Represents a single document (paper)

from the input. Each node stores metadata of the document,
such as title and source file path.

• Dataset Node: Represents a dataset entity used in the doc-
ument. Each node includes attributes such as the dataset’s
name and brief description.

• Task Node: Represents a specific task for which a dataset is
used, as described within a document. Each node contains
attributes such as a textual description of the task.

The set of edges 𝐸 captures the relationships between nodes:
• Document-dataset Edge: An edge (𝑐, 𝑑) where 𝑐 ∈ 𝐶 ,

𝑑 ∈ 𝐷 signifies that document 𝑐 includes dataset 𝑑 .
• Dataset-task Edge: An edge (𝑑, 𝑡) where 𝑑 ∈ 𝐷 , 𝑡 ∈ 𝑇

signifies that dataset 𝑑 is used for the purpose of task 𝑡 .
• Task-task Edge: An edge (𝑡1, 𝑡2) where 𝑡1, 𝑡2 ∈ 𝑇 with

weight𝑤 signifies that task 𝑡1 and 𝑡2 are semantically similar
with cosine similarity𝑤 .

5 KNOWLEDGE BASE CONSTRUCTION
In this section, we will introduce the details of the offline pipeline
for constructing the task-dataset knowledge base. While contempo-
rary graph-based RAG systems also construct KGs from text, their
methodology is often tailored for general-purpose summarization.
However, for precise task-oriented dataset search, this approach
can be suboptimal, as critical details such as the context of a task
may be lost. Furthermore, these general frameworks often lack the
dedicated mechanisms required to address the entity ambiguity
problem. To overcome these limitations, our pipeline is specifi-
cally designed for the precise extraction, curation, and querying of
dataset and task entities. The process starts with raw documents
and produces a high-quality, queryable knowledge base within a
series of steps. Furthermore, to ensure the long-term viability and
scalability of the knowledge base, we designed the system to sup-
port efficient incremental updates, allowing it to remain up-to-date
without costly periodic rebuilds. Each step will be further discussed
in the following subsections. The ontology and an example of the
task-dataset KG are demonstrated in Figure 2.

D

T

C C D

T T

D1 D2

T1T2 T3

C2

C1 C3

Alzheimer's Disease 
Neuroimaging Initiative (ADNI)

Task Description: Early 
diagnosis of patients as 

cognitively normal …

T4

Online Decision Mediation

Figure 2: Ontology and an example of the task-dataset KG.

5.1 Document Normalization and Caching
The first step in the pipeline is to collect and normalize the source
documents. The primary goal of this step is to convert a corpus
of documents in heterogeneous formats into plain text. The main
challenge lies in handling the complexity of PDF format papers
to ensure that the LLM can accurately extract information in the
subsequent step.

In our current implementation, we utilize the pypdf [31] library
to employ direct text extraction, which is highly efficient. Since our
target entities - datasets and their corresponding tasks - primarily
appear in the narrative prose of the papers, non-textual elements
such as figures and tables play a less critical role in our extraction
strategy. Therefore, this method proves sufficient and effective for
reliably extracting our target entities. To address more complex
cases, such as when many texts are presented in the form of im-
ages or complex multi-column layouts, we could consider Optical
Character Recognition (OCR) or intelligent document parsing ser-
vices (e.g., LlamaParse [25]), which is computationally expensive.
This step is completed in a completely separate module. Thus, the
specific method can be replaced depending on the condition of the
source documents to increase efficiency and save costs.

To optimize performance, especially when dealing with large,
static corpora, we implement a caching strategy. Before processing
each file, the system computes a unique hash value of the file’s
content as its “fingerprint”. On subsequent runs, if a file with an
identical fingerprint is encountered, the content will be retrieved
directly from cache. This prevents costs associated with duplicate
computing. We utilize the same caching approach in the subsequent
information extraction step.

5.2 Information Extraction
Once the documents are normalized into plain text, the Extractor
module is responsible for identifying and extracting structured
information about datasets and their associated tasks. Some con-
temporary methods, such as GraphRAG [11], perform a one-shot,
general-purpose entity extraction. Instead, we design a collabora-
tivemulti-agent framework specifically for our goal of task-oriented
dataset discovery. The framework decomposes the complex extrac-
tion challenge into a sequence of sub-tasks, each handled by a
specialized agent. This design not only improves the accuracy and
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relevance of the extracted information but also enhances efficiency
by avoiding deep processing of irrelevant documents.

5.2.1 The Preliminary Filtering Agent. The first agent in our frame-
work acts as an efficient gatekeeper. Its primary responsibility is to
rapidly identify documents that are likely to contain dataset men-
tions to avoid expensive LLM calls on irrelevant content. For each
document, this agent queries the LLM with a concise instruction
template designed to obtain a simple Boolean response of dataset
relevance. Only documents identified to be relevant are passed to
the subsequent agent.

5.2.2 The Analyst Agent. The Analyst Agent specializes in deep
content analysis. It utilizes a detailed instruction template to guide
the LLM’s careful reading of the text to help identify all mentions of
datasets and their associated tasks. To ensure machine readability,
this agent is constrained to generate its output in a predefined
structured JSON format. This format consists of a list of objects,
where each object represents a unique dataset-task relationship and
contains relevant information. Table 3 presents a concrete example
of an input text snippet in a paper [18] and the corresponding
structured JSON object generated by the agent.

5.2.3 The Enrichment Agent. Finally, the structured JSON object
is passed to the Enrichment Agent. This agent’s sole purpose is to
enhance the semantic metadata of the extracted entities. For each
task description, the agent uses a separate instruction template
to generate a list of relevant keywords that summarize the core
concepts of the task. These keywords will help graph curation in
the subsequent stage.

Table 3: Example of the information extraction process.

Component Content

Text Input In Alzheimers, the task is to perform early di-
agnosis of patients in the Alzheimer’s Disease
Neuroimaging Initiative study as cognitively
normal, mildly impaired, or at risk of dementia.

JSON Output {"dataset_name": "Alzheimer’s Disease Neu-
roimaging Initiative", "task_description": "early
diagnosis of patients as cognitively normal,
mildly impaired, or at risk of dementia.",
"task_keywords": ["early diagnosis", "demen-
tia", "patient assessment"]}

5.3 Semantic Representation Learning
After extracting structured textual information, the next step is
to convert this text into meaningful vector representations. This
process maps textual descriptions into a high-dimensional vector
space. These vector embeddings are fundamental to our system, for
both quantitative analysis of similarity in graph building and the
semantic search capabilities in online querying.

In our system, we generate embeddings for two key types of
entities: tasks and datasets. For each task node, we embed its task
description. For each dataset node, we concatenate its title and

description to create a comprehensive representation. In our imple-
mentation, we utilize OpenAI’s text-embedding-3-small model [29]
via its API. We selected this model for its compelling balance of
high embedding quality, cost-effectiveness, and ease of integration.

The generated embeddings, {𝑒𝑡𝑎𝑠𝑘 } and {𝑒𝑑𝑎𝑡𝑎𝑠𝑒𝑡 }, are then per-
sisted and indexed for efficient retrieval. Specifically, we utilize the
Faiss library [10] to build an index from the dense vectors. Faiss
enables highly efficient approximate nearest neighbor search. It
allows our system to find the most semantically similar items from
a large collection in real-time. This indexing step ensures that both
the online semantic search and the offline graph-building processes
can perform similarity lookup with low latency.

5.4 Entity Resolution and Linking
The initial KG constructed from the extraction stage, while com-
prehensive, still contains ambiguity and redundancy inherent in
natural language, especially for the task and dataset nodes:

• Semantically identical tasks with different phrasing, such
as “image classification” and “classifying images”.

• Same datasets referred to by different names or acronyms,
such as “COCO” and “MS-COCO”.

To enhance the quality and reliability of the knowledge base, we
perform a graph curation stage consisting of two main processes:
task linking and dataset resolution.

5.4.1 Task Linking. To address the ambiguity of task descriptions,
our system identifies and connects task nodes that are semantically
similar but are described using different phrasing. To achieve this
goal, the TaskMerger module uses the vector embeddings {𝑒𝑡𝑎𝑠𝑘 }.
This process involves Faiss to find pairs of tasks with high cosine
similarity of the vectors. If the similarity score between two tasks
exceeds a predefined threshold 𝜃𝑑 , or the keyword overlap exceeds
a threshold 𝜃𝑘 , we consider them semantically closely related.

After identifying such pairs, a weighted edge is added to the KG
between the corresponding task nodes. The weight of this edge is
set to the calculated similarity score, representing the strength of
the relationship. When querying, the system is able to broaden the
search to a wider set of relevant tasks through the edges.

5.4.2 Dataset Resolution. The dataset resolution process tackles
the entity redundancy problem, where the same dataset is referred
to by different names. An all-pairs comparison of dataset nodes
would be O(𝑛2), which is computationally prohibitive. To address
this problem, we designed an three-stage approach.

The first stage focuses on efficiently generating candidate pairs
for potential merging. Instead of a brute-force comparison, we use
the Faiss index. For each dataset, the system performs an approx-
imate nearest neighbor search to retrieve a small set of the most
semantically similar datasets. This process reduces the search space
from all possible pairs to a manageable set of high-potential candi-
dates. At the beginning, each dataset is stored as a separate node
in a disjoint-set data structure.

In the second stage, the system performs the initial matching by
normalizing the titles. Specifically, case, spaces, etc., are standard-
ized. In addition, a dictionary is maintained to record the aliases of
the dataset. After these processes, datasets with the same normal-
ized title are merged into the disjoint set.
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The above approach can partially reduce the problem of the same
dataset with different names, such as “Image Net” and “imagenet”.
For more complex situations, an LLM works as an expert judge
to perform a rigorous verification process in the third stage. The
prompt provides the names and descriptions of both datasets and
instructs it to return a binary “True” or “False” answer on whether
they refer to the same entity. For positive judgments, the system
proceeds to merge the two nodes in the KG. Meanwhile, regardless
of the judgment, the result is stored to avoid repeated LLM calls.

This hybrid approach combines the scalability of vector search
with the reasoning capabilities of LLM. Therefore, KATS provides
a robust, efficient solution to the dataset entity resolution problem.

5.5 Incremental Knowledge Base Updates
To address the limitation of a static knowledge base and ensure the
system remains up-to-date, we designed an efficient incremental
update pipeline. This mechanism allows KATS to integrate the
newly extracted knowledge into the existing KG and vector indices
without a full, costly reconstruction of the entire knowledge base.

The pipeline first identifies new documents by maintaining a
manifest of all previously processed files. Each file is identified by
its unique content-based fingerprint, which is generated by extract-
ing text from the file and applying the SHA256 algorithm. When
new documents are added to the corpus, the system computes their
fingerprints and compares them against the manifest to create a
queue of only the new files. Each new document undergoes the pre-
processing and multi-agent extraction pipeline, and the extracted
structured data is then ingested into the database. This process is
inherently incremental since new entries are simply added to their
respective tables without affecting existing data.

To update the semantic search indices, vector embeddings are
generated for these new entries and are appended to the exist-
ing Faiss indices. Afterwards, new nodes, including documents,
datasets, tasks, and their basic relationships, are added to the exist-
ing KG. Subsequently, the entity linking and resolutionmodules will
operate in an incremental mode. For each new task and dataset node,
the system computes its similarity against the entire index to estab-
lish new “similar_task” edges and identify potential dataset merges.
This approach ensures that new entities are correctly integrated
into the existing graph structure while preserving all previously
computed relationships. This entire pipeline ensures that KATS is
not merely a static repository, but a dynamic system that evolves
its knowledge over time.

Furthermore, to utilize broader dataset information beyond sci-
entific literature, the incremental update feature also incorporates
the ability to integrate datasets lacking explicit task descriptions.
By embedding the new description and identifying the most simi-
lar dataset within the existing knowledge graph, KATS can auto-
matically link the new entry to relevant tasks, thus enriching the
knowledge base from a wider range of sources.

6 QUERY PROCESSING
Figure 3 illustrates the entire workflow of the online query pro-
cessing pipeline, which is triggered when a user submits a natural

Figure 3: The query processing pipeline of KATS system.

language task query. Our approach is designed as a multi-stage fun-
nel that progressively refines the search space from broad semantic
matching to fine-grained graph-based ranking.

6.1 Seed Task Identification
The online query processing pipeline begins with the seed task
identification stage. The primary objective of this stage is to effi-
ciently bridge the semantic gap between the user’s natural language
query and the structured entities within our KG. It achieves this by
identifying an initial set of “seed” tasks that are most semantically
relevant to the user’s query.

This stage involves two main steps. Firstly, the user’s task query
𝑇 is transformed into a high-dimensional vector representation t.
This is accomplished using the same pre-trained embedding model
as used during the offline knowledge base construction. This en-
sures that both the query and the knowledge base are in the same
semantic space for meaningful comparisons. Next, the query vec-
tor t is used to perform an Approximate Nearest Neighbor (ANN)
search against the pre-built FAISS index of task embeddings. This
search efficiently retrieves the top-k task nodes from the KG, which
we refer to as the “seed tasks” (𝑇𝑠𝑒𝑒𝑑 ).𝑇𝑠𝑒𝑒𝑑 serves as the crucial start-
ing point for the subsequent KG-based task expansion to discover
a wider range of relevant information.

6.2 KG-based Task Expansion
The initial set of seed tasks, 𝑇𝑠𝑒𝑒𝑑 , while semantically close to the
query, may not be exhaustive. The KG-based task expansion stage
uses the relational information in our task-task similarity graph
to discover a wider set of relevant tasks. Our approach employs
the Personalized PageRank (PPR) algorithm [19] for this expansion.
PPR allows us to compute node relevance relative to a specific set
of “source” nodes. In our context, the algorithm is executed on
the task-task similarity graph. The previously identified seed tasks
𝑇𝑠𝑒𝑒𝑑 are used as the personalization vector for PPR, which means
the “random walk” process is biased to teleport back to these seed
nodes. Thus, the relevance scores from the initial candidates are
effectively diffused throughout the graph. The parameter 𝛼 balances
the exploration of the graph structure against the influence of the
initial seed set.

The output of this stage is a globally-aware relevance score for
every task node in the KG. This score reflects both the task’s direct
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similarity and its interconnectedness within the broader network
of related tasks. The enriched set of task scores forms the input for
the final dataset aggregation and ranking stage.

6.3 Candidate Dataset Aggregation and Ranking
In the final stage, the system aggregates the task-level relevance
scores to produce a final ranked list of datasets. This process in-
volves two key steps: an initial score aggregation based on the
graph structure, followed by a final re-ranking using an LLM to
enhance precision.

To aggregate candidate datasets, the system identifies the set of
all dataset nodes that are connected to the high-scoring task nodes
in our main KG. To calculate a relevance score for each unique
dataset, we employ an aggregation strategy. The score of a dataset
is defined as the maximum relevance score among all the task nodes
that are linked to it:

𝑆𝑐𝑜𝑟𝑒 (𝑑) = max
𝑡 ∈LinkedTasks(𝑑 )

{𝑆𝑐𝑜𝑟𝑒 (𝑡)}

Based on these aggregated scores, all candidate datasets are then
sorted in descending order to produce an initial ranked list.

To further enhance the precision of the top results, we introduce a
final LLM-based re-ranking step. The system selects the top 𝑘𝑟𝑒𝑟𝑎𝑛𝑘
datasets from the initial list. For each of these candidates, it retrieves
their detailed descriptions from the knowledge base. This set of
candidate descriptions, along with the original user query, is then
formatted into a specialized instruction. The LLM is instructed to
act as an expert evaluator and re-rank these few candidates based
on their direct relevance to the user’s task. This re-ranking step
utilizes the superior understanding and reasoning capabilities of
the LLM to provide a highly refined and precise final output to the
user.

7 EXPERIMENTAL EVALUATION
7.1 Experimental Setup
7.1.1 Datasets and Benchmarks. Our experiments are conducted
on our benchmark suite CS-TDS. To ensure a fair and rigorous
evaluation, we manually compare the ground truth with the output
for each query to reduce false negatives. In addition to the original
dataset, any other dataset that belongs to the same series (e.g.,
different scales of a dataset) and serves the same purpose was also
marked as a correct answer.

7.1.2 Baseline Systems. To evaluate the effectiveness of KATS, we
compare it against VanillaRAG [21] as a dense retrieval baseline,
and GraphRAG [11], HippoRAG2 [20], and Raptor [33] (DIGIMON
implementation [40]) as representative RAG frameworks. We adapt
each method to return a ranked list of datasets under the same cor-
pus, and evaluate all methods on CS-TDS under the same protocol.

7.1.3 Evaluation Metrics. We evaluate the performance of all sys-
tems from two perspectives, i.e., effectiveness and efficiency.
Effectiveness Metrics

• Hit Rate@𝑘 : The proportion of queries for which the correct
dataset is found within the top-𝑘 ranked results. We report for 𝑘
in 1, 3, 5, 10.

• Exact Match (EM): For the top-1 result, this metric is 1 if the
canonical name of the retrieved dataset exactlymatches a ground-
truth answer, and 0 otherwise.

• F1-Score: Also for the top-1 result, we compute the token-level
F1-score between the predicted dataset name and the ground-
truth name to account for partial matches.

Efficiency and Cost Metrics
• Offline Build Time: The total wall-clock time required to exe-

cute the entire offline knowledge base construction pipeline.
• Storage Footprint: The total disk space occupied by all gener-

ated artifacts, possibly including the KG, vector indexes, and any
caches.

• Build Token Cost: The total number of input and output tokens
consumed by all LLM API calls during the offline build phase.

• Per-Query Time Cost: The average wall-clock time for a single
query during the online phase.

• Per-Query Token Cost: The average number of tokens con-
sumed by LLM API calls for a query during the online phase.

7.1.4 Implementation Details. For all experiments, our KATS sys-
temwas configured to useOpenAI’s text-embedding-3-small [29]
as the embedding model. The LLM used for all extraction and judg-
ment tasks was gpt-4o-mini [28]. Key hyperparameters for our
KATS searcher are:
• Initial Candidate Size (𝑘): The number of initial candidate tasks

retrieved from the FAISS index for each query is set to 𝑘 = 2. This
parameter controls the breadth of the initial semantic search.

• PageRank Alpha (𝛼): The alpha parameter for the Personalized
PageRank algorithm, which balances the influence of the initial
query vector and the graph structure, is set to 𝛼 = 0.85.
All experiments were conducted on a server equipped with dual

Intel Xeon Gold 6330 CPUs, an NVIDIA RTX A5000 GPUwith 24GB
of VRAM, and 1TB of RAM. The system was running on a Linux
distribution with CUDA version 12.8.

7.2 End-to-End Effectiveness
In this section, we present the end-to-end effectiveness evaluation of
our proposed KATS system against the baseline methods. Figure 4
visualizes the primary comparison in terms of Hit Rate@5. As
the results clearly indicate, KATS consistently and significantly
outperforms all baselines across both CS-TDS𝑀 and CS-TDS𝐿 .

Figure 4: End-to-end effectiveness comparison in terms of
Hit Rate@5 on CS-TDS𝑀 and CS-TDS𝐿 .
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Table 4: Detailed Effectiveness Comparison on CS-TDS𝑀 and CS-TDS𝐿 . For each metric, the best result is in bold, and the
second-best is underlined.

System Hit Rate@1 Hit Rate@3 Hit Rate@5 Hit Rate@10 EM (Top-1) F1 (Top-1)

𝐶𝑀 𝐶𝐿 𝐶𝑀 𝐶𝐿 𝐶𝑀 𝐶𝐿 𝐶𝑀 𝐶𝐿 𝐶𝑀 𝐶𝐿 𝐶𝑀 𝐶𝐿

KATS (ours) 0.447 0.446 0.638 0.672 0.723 0.730 0.787 0.804 0.208 0.206 0.350 0.312

GraphRAG 0.340 0.309 0.468 0.475 0.596 0.534 0.617 0.601 0.064 0.034 0.260 0.192
HippoRAG 2 0.298 0.304 0.426 0.515 0.447 0.608 0.468 0.662 0.170 0.093 0.246 0.192
Raptor 0.340 0.284 0.404 0.431 0.511 0.520 0.638 0.583 0.213 0.113 0.256 0.205

VanillaRAG 0.255 0.221 0.404 0.358 0.426 0.422 0.468 0.471 0.149 0.064 0.206 0.149

On the larger dataset CS-TDS𝐿 , for instance, KATS achieves a
Hit Rate@5 of 73.0%. This represents a substantial improvement
of nearly 20% percentage points over the strongest baseline, Hip-
poRAG 2 (60.8%). The performance gap is more significant when
compared to the VanillaRAG baseline, which highlights the effec-
tiveness of our KG-based hybrid search mechanism. We observe a
similar trend on the CS-TDS𝑀 dataset, confirming the robustness
of our approach across different corpus scales.

The significant performance advantage of KATS can be attributed
to several key design choices. Firstly, unlike general-purpose frame-
works, our pipeline constructs a highly specialized Task-Dataset
KG, focusing only on the core entities and relationships relevant to
our goal. Secondly, our novel LLM-based dataset entity resolution
process effectively cleans the duplicated content in the graph by
merging nodes with different names but identical semantics. This
curation step is critical for consolidating knowledge and improving
recall. Most importantly, our hybrid search mechanism performs a
sophisticated task expansion using a PPR algorithm. This allows
the system to understand user queries in a broader context and
move beyond initial keyword or vector matches to discover datasets
associated with a wider range of semantically related tasks. This
directly contributes to its superior performance over more direct
retrieval methods.

The superiority of KATS is not limited to the Hit Rate@5 metric
alone. For a more comprehensive breakdown across all effectiveness
metrics, Table 4 presents a detailed comparison. This demonstrates
the ability of KATS to accurately identify the canonical name of
the correct dataset. Even if not entirely precise, the search results
are highly accurate in content. In summary, the combination of
high recall and high precision provides strong evidence on multiple
aspects of the end-to-end effectiveness of the KATS framework.

7.3 Efficiency and Cost Analysis
Beyond effectiveness, practical deployment depends on efficiency
and operational cost. We evaluate KATS and baselines on CS-TDS𝑀
across time, LLM API tokens, and storage in Table 5, and summarize
trade-offs between effectiveness and efficiency in Figure 5.

We first analyze time costs for offline construction and online
retrieval, as shown in Table 5. For offline building, KATS takes 5.2
hours on CS-TDS𝑀 , slower than VanillaRAG (2.9h) but far faster
than graph-based baselines such as Raptor (29.8h). This demon-
strates that our specialized pipeline achieves a favorable balance
between the richness of the constructed KG and the computational

Figure 5: Effectiveness vs. efficiency trade-offs in KATS.

Table 5: Comparison of time, API, and storage costs during
offline building (B.) and online retrieving (R.) on CS-TDS𝑀 .

System Time API Storage
(MB)B. (h) R. (s) B. (M) R.

KATS (ours) 5.2 8.4 21 1, 041 255

GraphRAG 99.4 124.3 151 20, 011 8, 228
HippoRAG 2 233.7 38.9 57 9, 670 10, 693
Raptor 29.8 10.0 30 6, 067 1, 017

VanillaRAG 2.9 27.1 0 1, 723 418

cost of its construction. For online retrieval, KATS achieves 8.4s
latency per query enabled by a pre-computed graph and a FAISS
index. This ensures a responsive and interactive search experience.

In addition to time, LLM API token consumption is critical for
deployment (Table 5). During building, KATS reduces token usage
via our multi-agent extractionmodule and dataset resolution, which
avoids deep processing over the entire corpus. For queries, the main
cost comes from the final LLM reranking step, which only operates
on a small candidate set and results in low per-query tokens.

Finally, we analyze the storage footprint. The results in Table 5
indicate that KATS maintains a moderate storage footprint. Unlike
standard RAG, which embeds every chunk in the corpus, it embeds
and indexes only the extracted relevant information. This strategy
allows KATS to build a rich and targeted knowledge base while
maintaining a compact storage footprint.
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In summary, our efficiency and cost analysis demonstrates that
KATS is a practical system. It achieves an effective balance of con-
trolling reasonable one-time offline costs in terms of time, API calls,
and storage to provide an efficient and cost-effective online query
feature.

7.4 Incremental Update Efficiency
A crucial requirement for our system is the ability to efficiently
incorporate new knowledge over time. To evaluate the efficiency
and scalability of our incremental update pipeline, we conducted
an experiment on the CS-TDS𝑀 corpus. First, an initial knowledge
base was built using a base set of 518 documents. Subsequently,
we simulated the arrival of new data by adding the remaining
documents in batches of varying sizes, and measured the time
required for each update operation.

As shown in Figure 6, there is a near-linear relationship between
the number of new documents and the time required for the update
process. The clear trend line indicates that the cost of an update
is primarily dependent on the size of the incoming data. This con-
firms that our incremental approach is highly efficient and scalable,
avoiding the prohibitive costs of performing a full system rebuild
as the corpus grows.

Figure 6: The number of new documents vs. the time cost of
the incremental update, along with the fitted trend line.

7.5 Ablation Studies
To understand the individual contribution of key components in
our KATS system, we conduct a series of ablation studies. In these
experiments, we systematically disable specific modules from our
full pipeline and observe the impact on the end-to-end effectiveness.
This allows us to quantify the value brought by each of our system
design choices.

7.5.1 LLM Rerank. We first investigate the impact of the final
LLM-based reranking step. The blue and orange folds in Figure 7
compare the performance of our full system with a variant where
the reranking module is disabled. As illustrated, the inclusion of
the LLM reranker brings a significant improvement in each level
of hit rate. This demonstrates that while our graph-based ranking
is effective at producing a strong set of candidates, the LLM’s rea-
soning capabilities are crucial for fine-tuning the precision of the
top-ranked results.

7.5.2 Dataset Resolution. Next, we evaluate the contribution of
our dataset resolution module, which is designed to combat entity
ambiguity. To better demonstrate the effect of this module on the

Figure 7: Results of ablation experiments on CS-TDS𝑀 .

KG, instead of using LLM reranking, we directly evaluate the search
results from the KG in our experiments. As shown in the orange
and green folds in Figure 7, disabling this module has little effect on
top-1 hit rates, but results in significant performance degradation of
other hit rate metrics. This result strongly validates our hypothesis
that resolving dataset naming ambiguities is a critical factor in real-
world dataset search. By merging duplicate entities, our system is
able to integrate fragmented information to form a more complete
and accurate KG, thus directly improving recall and relevance.

7.6 Microbenchmarks
In addition to end-to-end performance, we conduct a series of mi-
crobenchmarks to analyze the robustness and sensitivity of our
KATS system. Specifically, we investigate the system’s performance
concerning its key hyperparameter and its dependency on LLM.

Figure 8: Sensitivity analysis of Hit Rate@3 with respect to
the PageRank alpha (𝛼) parameter on CS-TDS𝑀 .

7.6.1 Hyperparameter Sensitivity. We first analyze the system’s
sensitivity to the choice of its key hyperparameter to ensure that its
strong performance is not confined to a narrow setting. We focus
on the PageRank alpha (𝛼) that balances the influence of the initial
semantic search and the subsequent graph traversal.

For this purpose, we fix all other parameters and run our system
on the CS-TDS𝑀 corpus while varying the value of 𝛼 :

𝛼 ∈ {0.75, 0.80, 0.85, 0.90, 0.95}
The impact on the Hit Rate@3 metric is recorded.
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As shown in Figure 8, the system maintains a high level of ef-
fectiveness across a reasonable range of 𝛼 values. A lower alpha
value, which puts more emphasis on graph exploration, leads to a
slight degradation. This suggests that the initial semantic signal
from the seed tasks is highly valuable in the experiment. However,
as the hyperparameter changes, the overall performance remains
relatively stable. This result indicates that KATS is robust and not
critically sensitive to the precise tuning of the hyperparameter 𝛼 .

Table 6: Comparison of Hit Rate of KATSwith different LLMs
for building and QA on CS-TDS𝑀 .

Building QA @1 @3 @5 @10

gpt-4o-mini gpt-4o-mini 0.447 0.638 0.723 0.787
gemini-1.5-flash gpt-4o-mini 0.426 0.690 0.746 0.787
gemini-1.5-flash gemini-1.5-flash 0.404 0.532 0.617 0.702

7.6.2 Robustness to LLMs. To verify that the effectiveness of our
framework is not dependent on a specific proprietary model, we
evaluate its robustness using a different LLM. Specifically, for build-
ing and QA phases, we replaced the gpt-4o-mini [28] with a compa-
rable model, gemini-1.5-flash [13], and reran the end-to-end evalu-
ation on the CS-TDS𝑀 corpus.

Table 6 presents the results of this sensitivity analysis. Firstly,
when only the LLM in the building phase is substituted, KATS’s
end-to-end performance remains remarkably stable, with no sig-
nificant degradation in Hit Rate metrics. This strongly suggests
that our pipeline is not sensitive to the specific choice of the extrac-
tion model. Secondly, this stability indicates that the downstream
components of our architecture, i.e., the hybrid entity resolution
and graph-based ranking, are robust enough to handle the poten-
tial variations and minor errors introduced by different extraction
models. While using a weaker model for the QA phase predictably
impacts performance, the system still outperforms the baselines.
This experiment validates that the core strength of KATS lies in its
specialized architecture and strategy, rather than a dependency on
any single proprietary model for its knowledge extraction process.

8 CASE STUDIES
8.1 Incremental Knowledge Discovery
To illustrate the practical utility of the incremental update feature,
we present a case study on how KATS can dynamically incorporate
new knowledge to answer previously unanswerable queries.

In the experiment, a specific paper from the CS-TDS𝑀 corpus
that mentions the CARLA Simulator Dataset was deliberately
withheld during the initial build process. Then, a query related to the
dataset was issued as shown in Table 7. Since the relevant document
was absent, the system was unable to find and recommend the
CARLA Simulator Dataset. Afterwards, the withheld paper was
introduced into the corpus through the incremental update process.
The pipeline integrates the newly extracted information into the
existing knowledge base. When the same query was issued, KATS
successfully identified CARLA as a relevant result.

This real-world case study demonstrates that the incremental
update mechanism is efficient and effective. It empowers KATS to

evolve by integrating new documents, thereby keeping its dataset
recommendations current as new research emerges.

Table 7: Comparison of results for the incremental knowl-
edge discovery case study.

Query: “Training models for urban driving scenarios using high-
resolution visual inputs and expert actions.”

Before Update Unable to find the CARLA Simulator Dataset.
After Update Recommend CARLA as the top-2 result.

8.2 Comparison with Online Research Agents
A relevant point of comparison for KATS is the emerging para-
digm of online AI research agents, such as Gemini’s Deep Research
feature. While both approaches aim to answer complex queries,
they represent fundamentally different technical routes. We will
illustrate these differences through the following case studies, as
shown in Table 8. It is worth noting that this comparison inherently
favors Deep Research, since the paper containing the ground-truth
pair is hidden from KATS but accessible to the web-based agent.

Table 8: Performance comparison of the online research
agent case study.

Task Method Latency Result

Case 1 Gemini 392s Ground truth within 6 answers
KATS < 20s Ground truth ranks 5th

Case 2 Gemini 400s Ground truth within 6-8 answers
KATS < 20s Ground truth ranks 3rd

Case 1: Physical Commonsense Reasoning Task. Gemini
Deep Research takes 392s and returns the ground-truth Kodak
Dataset within its first 6 suggestions, while KATS responds in < 20s
and ranks Kodak as the 5th result.

Case 2: Image Compression Evaluation Task. Gemini Deep
Research takes 400s and returns the ground-truth PiQA within 6
to 8 suggestions across runs, while KATS responds in < 20s and
consistently ranks PiQA as the 3rd result.

From the two cases above, it is evident that KATS and online
research agent follow different paradigms. KATS follows an offline-
KB paradigm: it preprocesses a corpus into a persistent knowledge
base with low latency, cost efficiency, and reproducible results. In
contrast, online research agents trade higher and more variable
query-time latency for broader open-web coverage with no upfront
build, but offer weaker privacy guarantees and less reproducibility.

8.3 Refined Task Disambiguation
Complex papers often evaluate multiple tasks on different datasets;
if dataset mentions are linked to an overly broad task, the KG may
contain spurious task-dataset associations. We test this setting with
a paper from CS-TDS𝐿 that spans mathematical reasoning, nat-
ural language understanding, and code generation, evaluated on
GSM8K [9], GLUE [36], and HumanEval [8], respectively. Table 9
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shows that KATS extracts three independent tasks instead of col-
lapsing all datasets under one task as a naive extraction would.
Consequently, PPR retrieval for a query does not overscore datasets
from the other two branches, which improves precision. This case
study empirically validates that KATS’s architecture is capable of
capturing context-specific relationships within a single document.

Table 9: Results of the task disambiguation case study.

Dataset Extracted Task Description

GSM8K “[...] multiple natural language understanding”
GLUE “[...] multi-step mathematical word problems”
HumanEval “[...] generate correct code for programming”

9 DISCUSSION
9.1 Findings and Implications
Our extensive experimental evaluation demonstrates that KATS,
a system specifically designed for task-oriented dataset search
from unstructured text, significantly outperforms state-of-the-art
general-purpose RAG frameworks in both effectiveness and effi-
ciency. This finding leads to several key implications for the future
of dataset discovery.

9.1.1 From Keywords to Intent: Bridging the Semantic Gap. A pri-
mary challenge highlighted by prior work is the significant “seman-
tic gap” between a user’s task-oriented need and the keyword-based
queries that traditional systems require [17]. Our work demon-
strates a successful paradigm that bridges this gap. By accepting
open-ended natural language descriptions as input, KATS moves
the cognitive burden of “query formulation” from the user to the
system, which interprets complex task descriptions and maps them
to relevant datasets. Future data discovery systems should focus less
on optimizing keyword matching, but more on developing models
that can analyze complex user intent.

9.1.2 From General-purpose to Specialized RAG. Our results also
suggest that while general-purpose RAG architectures provide pow-
erful and flexible frameworks, significant performance gains can
be achieved by specialized systems for a specific problem. For task-
oriented dataset search, this specialization involves not only re-
trieval but a deep integration of entity ambiguity and task-dataset
mapping into the core pipeline. Developing specialized systems for
high-value, vertical domains is a viable direction for RAG research.

9.2 Limitations
While our proposed KATS system demonstrates significant effec-
tiveness for task-oriented dataset search, we also recognize several
limitations to be addressed in the future.

9.2.1 Domain Specificity of Knowledge Source. Our current pipeline,
particularly the multi-agent extraction framework, is tailored for
the unique characteristics of scientific literature. A key premise
of our approach is that these documents typically co-locate the
mention of a dataset with a rich description of the specific task for
which it was applied. However, the effectiveness of our extraction

strategy might vary when applied to other types of documents
where this premise does not hold. Even though we have extended
the system to integrate dataset descriptions without specific tasks,
such as a dataset repository, the extraction process still requires a
significant re-evaluation for other types of documents.

9.2.2 Dependency on the Fidelity of LLM. Like prior LLM-based
knowledge extraction systems [11, 20, 33], KATS depends on the
upstream LLM used in information extraction and entity resolu-
tion, and errors may propagate to the KG. To mitigate this risk,
we decompose extraction into specialized agents and constrain the
LLM’s role in entity resolution to binary verification over algorith-
mically generated candidate pairs. Table 6 shows stable end-to-end
performance when substituting the building phase LLM, proving
the effectiveness of these mitigation strategies. Nevertheless, the
current system still lacks a specialized module for automatically ver-
ifying the authenticity of all LLM outputs and correcting possible
errors based on the source documents, which remains a limitation.

10 CONCLUSION
Task-oriented search of datasets is a critical but unmet need for data
professionals, encountering the challenges of a persistent semantic
gap, lack of task-to-dataset mapping and benchmarks, and entity
ambiguity. To address these challenges, our work makes several key
contributions. Firstly, we developed the CS-TDS benchmark suite
that addresses the critical gap in lacking evaluation benchmarks
and enables the rigorous assessment of task-oriented dataset search
systems. Moreover, we presented KATS, a novel end-to-end pipeline
that automatically constructs a high-quality KG offline with a ded-
icated entity resolution mechanism, to resolve the challenge of
lacking task-to-dataset mapping and entity ambiguity. Importantly,
we equipped this pipeline with an efficient incremental update
mechanism, transforming the static knowledge base into a dynamic
and scalable one. To tackle the challenge of the persistent semantic
gap, KATS is equipped with an online query processing pipeline
that integrates vector search with graph-based ranking to generate
highly relevant and task-consistent dataset recommendations based
on the KG constructed before.

We believe that our work provides a solid foundation and a
promising blueprint for the next generation of dataset discovery
systems. Building on this foundation, there are several promising
avenues for future work. A key direction is generalizing our frame-
work beyond scientific literature to new problem domains, such as
linking symptoms to diseases from medical texts. Further research
could also focus on improving the technical capabilities, such as de-
veloping real-time streaming updates for the KG and incorporating
automatic fact-checking modules to enhance its reliability.
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