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Abstract

Foundation models have become remarkably powerful, and much of their recent progress has been driven
by parameter scaling. However, scaling cannot address the limitations of the knowledge encoded in their
parameters, which is often inaccurate, incomplete, and outdated, nor can it alter the intrinsic stateless-
ness of these models. The behavior of foundation models is fundamentally governed by the context they
receive: as stateless functions, they transform inputs into outputs, and therefore the effectiveness, relia-
bility, and applicability of these models hinge on how well we construct and supply their context. In light
of this, the dissertation argues that contextualization, which involves retrieving, structuring, verifying,
and integrating knowledge, is the key to advancing foundation model capabilities beyond parameter size,
and in pursuit of this goal, I advance three interconnected research directions. First, I introduce methods
that augment models with structured, unstructured, and multimodal knowledge, and propose verification
mechanisms that detect and correct retrieval and grounding errors. Second, recognizing that contextual-
ization is, to a large extent, as strong as the knowledge it retrieves, I develop retrieval techniques capable
of representing and retrieving diverse knowledge sources, from unstructured multimodal documents and
videos to structured knowledge graphs, and broaden this to include databases through a universal re-
trieval framework that generates source-specific queries. Finally, I demonstrate that contextualization
can drive real-world impact by enabling foundation models to support downstream applications, such as
personalization, scientific discovery, and natural language access to structured enterprise data, showing
that appropriately formulated context allows models to produce accurate and targeted outputs across
domains. Taken together, this dissertation positions contextualization as a foundational principle for the
next generation of Al agents and systems, where the challenge is no longer how large a model can be, but

how effectively it can retrieve, verify, and utilize the knowledge required for reliable decision-making.

Keywords Machine Learning, Foundation Models, Contextualization, Retrieval, Verification



Contents

Contents . . . . e e e e e e e e e e e e e e e e e e e e e e e e e e e e
List of Tables . . . . . . o o i i e e e e e e e e e e e e e e e e e e
List of Figures . . . . . . . . . . 0 0 @ i i i e e e e e e e e e e e

Chapter 1. Introduction
1.1 Background and Motivation . ... ... .. ... .........

1.2 Thesis Scope and Research Directions . . ... ... ... ....

Chapter 2. Foundation Model Contextualization with Verification

2.1 Knowledge-Augmented Language Model Contextualization . . .

2.1.1 Motivation . .. .. ... ... oo
2.1.2 Related Work ... ... ... ... .. 00000,
213 Approach . ... ... ... ... . oo 0oL,
2.1.4 Experiments . . .. . ... ..t
2.1.5 Summary . . . ..o oo e e e e e e e e e e e e e e e e
2.1.6 Extension: Adaptive Model Contextualization . . . . . .
2.2 Knowledge-Augmented Language Model Verification . ... ..
2.2.1 Motivation . . ... ... . 00 oo
2.2.2 Related Work . .. .. .. ... ... e
223 Approach . ... ... ... ... ... oo oo,
2.24 Experiments . . .. ... ... 000 e e e e
2,25 Summary . . . ..o o e e e e e e e e e e e e e e e e e
2.2.6 Extension: Streaming Verification for Efficiency . . . . .

2.3 Multimodal Language Model Contextualization for Videos . . .

2.3.1 Motivation . ... ... ... 0 e e
2.3.2 Related Work . .. .. .. .. ... ... e
2.3.3 Approach . . . .. . . . . . ...
234 Experiments ... ... ... ... 000 e e e
2.3.5 SUmMmMary . . . . . . it i e e e e e e e e e e e e e e e e
2.3.6 Extension: Universal Model Contextualization . . . . . .
Chapter 3. Universal Knowledge Retrieval for Contextualization
3.1 Multimodal Document Representation & Retrieval . ... . ..
3.1.1 Motivation . ... ... ... ... 00 000 e e
3.1.2 Related Work . .. ... ... ... ... 0.,

© o Ul A D



3.1.3 Approach . ... ... ... .. ... .. o 0., 41

3.1.4 Experiments . . ... ... ... ... 44
3.1.5 Summary . . ... v i e e e e e e e e e e e e e e e e e e e 48
3.1.6 Extension: Video Representation & Retrieval . . . . .. 49
3.2 Fact Representation & Retrieval from Knowledge Graphs . .. 50
3.2.1 DMotivation . . . ... ... e 20
3.2.2 Related Work . ... ... .. ... ... .. 00000, 52
3.23 Approach . ... ... ... . ... . . . 00000, 53
3.2.4 Experiments . . ... ... ... 0000 e oo 55
3.25 Summary . . . . . i i it e e e e e e e e e e e e e e e e e 60
3.3 Universal Retrieval Across Heterogeneous Knowledge Bases . . 61
3.3.1 Motivation . ... ... ... ... 00000 e 61
3.3.2 Related Work . . ... ... .. ... ... 00000, 62
3.33 Approach ... ... ... ... 62
3.3.4 Experiments . .. ... ... ... 63
3.3.5 Summary . . . . . .0 it h e e e e e e e e e e e e e e e e e 65
Chapter 4. Contextualization in Real-World Applications 66
4.1 Knowledge-Augmented Model Contextualization
for Personalized Contextual Query Suggestion . . ... ... .. 66
4.1.1 Motivation . . . ... . ... .. o e 66
4.1.2 Related Work . ... ... ... ... ... . . ... 68
4.1.3 Approach . . .. .. ... ... 0o 69
4.1.4 Experiments . . .. ... ... .. 00000 e e 72
4.1.5 Summary . . . . . o v vt e e e e e e e e e e e e e e e e 79
4.2 ResearchAgent: Iterative Research Idea Generation
over Scientific Literature with Model Contextualization. . . . . 80
4.2.1 Motivation . . ... . . ... e e e 80
4.2.2 Related Work . ... ... ... ... ... 0000, 81
4.2.3 Approach . . . . ... ... e 82
4.2.4 Experiments . . .. ... .. ... 00000 e 0. 86
4.2.5 Summary . . . . . o vt .t e e e e e e e e e e e e e e e e 91
4.2.6 Extension: Paper2Code for Research Idea Execution . . 91
4.2.7 Extension: Chain of Retrieval for AI-Mediated Research 92
4.3 Knowledge-Augmented Model Contextualization

for Text-to-SQL with Knowledge Base Construction . . . . . . . 93
4.3.1 Motivation . . . ... . ... e 93
4.3.2 Related Work ... ... ... ... ... . 0. 94

ii



4.3.3 Approach . ... ... ... ... e e 95

4.3.4 Experiments . . .. ... .. ... 0o 98

4.3.5 Summary . . . ... i u e e e e e e e e e e e e e e e e e 103

Chapter 5. Conclusion and Future Work 105
5.1 Summary of Contributions . . . . ... ... ... ......... 105
5.2 Future Research Directions . . . . . . . ... ... ......... 105
Acknowledgments 148

Curriculum Vitae 151

iii



2.1

2.2

2.3

2.4

2.5

2.6

2.7

2.8

2.9

2.10

2.11

2.12

2.13
2.14

2.15

3.1
3.2

List of Tables

Main results of language model prompting, where we report the generation accuracy. The
number inside the parentheses in the first row denotes the parameter size of language
models, and the best scores are emphasized in bold. . . . . .. .. ... .00 10
Retriever results, where we compare random model, popular model, and MPNet [1]. . . . 11
Efficiencies with varying the knowledge amount, where we measure the wall-clock time of
every model for generating the answer on the WebQSP w/ Wikidata dataset. . . . . . .. 13
Results with entity linking, where the model w/ EL uses entities extracted from the entity
linking technique [2], instead of using labeled ones, on Mintaka. . . . . . .. ... ... .. 14
Generation examples of the prompted GPT-3 for the input question with augmented
triples from the retriever, where, in the last row, we change the knowledge of augmented
facts to see whether the model is able to adapt to the changed knowledge. . . . . . . . .. 14
Results on Natural Questions and HotpotQA for open-domain question answering and
WebQSP and Mintaka for knowledge graph question answering, with FLAN of different

sizes as the LIML. . . . . . . o L oL 22
Results on WebQSP and Mintaka, where we use Wikipedia as the knowledge source and
report results with F1. . . . . . . 0. . 0oL 23

Ensemble and sensitive analyses on three different stages of the retrieval, verification, and
generation on the Natural Questions dataset. . . . . . ... .. ... ... ... ...... 24
Results on transfer settings, where our KALMYV is trained on the Source dataset and
tested on the Target dataset. . . . . . . . . . . . L o 25
Overall RAG results across four metrics. The best results are highlighted in bold, and
the second-best results are highlighted with underline. Note that the Oracle setting (that
uses ideal retrieval results) is not comparable to others. . . . . .. .. ... .. ... 33
Retrieval results, where we use visual features alone, textual features alone, or an ensemble
of their features. . . . . . . . . . L 34
Performance comparison of uniform sampling and our frame selection approach on retrieval
and generation tasks. . . . . ... L oL 35
Ablation studies on modalities. For TextRAG, we use BM25 to retrieve textual documents. 36

Human evaluation results. The results are evaluated with the subset of WikiHowQA over

the HowTolO0M corpus. . . . . . . . o o i i ittt e e e e 36
Case study comparing Naive and VideoRAG-V approaches. . . . . .. .. ... ... ... 37
Results with different document retrievers. . . . . . . . . . . ... 45

Comparison of different IR strategies for section retrieval. In particular, Document (Ours)
performs the document retrieval and section reranking, whereas Passage performs the

passage retrieval and reranking. * denotes the model without reranking. . . . . ... . .. 46

iv



3.3

3.4

3.5

3.6

3.7

3.8

3.9

3.10

3.11

3.12

4.1
4.3
4.2

44
4.5
4.6
4.7

Performance on document retrieval and section reranking for multimodal and textual
queries on Encyclopedic-VQA (Enc-VQA), ViQuAE, and InfoSeek. We compare the ap-
proach that solely uses textual information from documents (Text-Only) and our approach

of leveraging interleaved multimodal contents from documents (IDentIfy) over various sce-
NATIOS. .« ¢ v v v e e e e e e e e e 46
Retrieval results for tables, where Zero-shot denotes a model trained on Encyclopedic-
VQA but not on the target dataset. Finetuned refers to additional training of the model

on the target dataset. (a): Results for tabular document retrieval on Open-WikiTable
(OWT). (b): Textual and tabular section reranking results on ViQuAE and OWT datasets,
respectively. (c): Reranker accuracy of a classification task that identifies the section
containing the query-associated table given a gold document. . . . . . . .. .. ... ... 47
Comparison of training objectives for the reranker: Contrastive uses contrastive loss sim-

ilar to the document retriever training; Doc + BCE concatenates the query with multiple
sections from the same document and uses the BCE loss; Sec + BCE trains the reranker

by concatenating the query with each section individually. . . . . . . ... ... ... ... 47
Comparison of the negative sample selection strategies for reranker training: Top-K (top-k
retrieved sections), In-batch (sections from other samples in the batch), and In-document
(sections in the same document). . . . . . . . ... Lo 48
Results with another base model (namely, LLaVA-OneVision-0.5B) for document retrieval
(with different document formats). . . . . . . . ... Lo Lo 48
Main results on the question answering domain for SimpleQuestions, WebQSP, and Mintaka
datasets. We emphasize the best scores in bold, except for the incomparable model: Re-
trieval with Gold Entities, which uses labeled entities in inputs. . . . . . . . .. ... ... 56
Main results on the dialogue domain for the OpenDialKG dataset. We emphasize the best
scores in bold except for Retrieval with Gold Entities, which uses labeled entities. . . . . . 57
Zero-shot transfer learning results, where we use models trained on the WebQSP dataset

with the Wikidata KG not only for SimpleQuestions and Mintaka datasets with the same

KG, but also for the WebQSP dataset with the different Freebase KG. We use MRR as a
metriC. . . . . . e e e e e 58
Retrieval examples for complex questions, on the challenging Mintaka dataset. We high-

light the related phrases across the question and the triplet in yellow and green colors. . . 59
Sensitivity analyses on architectures, where we change the backbones of retriever and
reranker in our DiFaR2. MSMARCO in the model name indicates it is pre-trained by the
MSMARCO dataset, and we report results on the WebQSP dataset. . . . ... ... ... 60

A manufactured example showing the type of data that was provided to human judges. . 74
Main results on our contextual query suggestion task. The best results are marked in bold. 75

Results of inter-annotator agreements on all query suggestion results evaluated by anno-

tators. . . oL L 75
Results of different retrieval strategies on Retrieval Relevance to the user’s search context. 76
Results with different LLMs, namely GPT-3.5 and GPT-4. . . ... ... ... ... ... 77
Results with automatic evaluation metrics. . . . . . . .. . ... Lo L 78

Results of agreements between two human annotation results and between human and

model evaluation results. . . . . . . ... 88



4.8
4.9
4.10
4.11
4.12

4.15
4.13

4.14

4.17
4.16
4.18
4.19

Results of ablation study on references and entities. . . . . .. .. ... ... ..., ... 89

Comparisons of ResearchAgent with hypothesis generation methods [3,4]. . . . . ... .. 90
Results with different, open and proprietary LLMs. . . . . . . . .. .. ... ... ..... 91
Main results on text-to-SQL across multiple scenarios, with the best results in bold. . . . 99

Results for knowledge generation with and without the use of the Knowledge Base (KB),

while varying the prompt construction with and without the relevant few-shot examples. . 100
Retrieval results with different scenarios and models. . . . . . . . . ... .. ... ... .. 101
Text-to-SQL results without using any knowledge, based on the retrieved knowledge, and

based on the refined knowledge from the retrieved knowledge (our KAT-SQL). . . . . .. 101
Breakdown text-to-SQL results into overlapping and non-overlapping domain settings be-

tween training (knowledge base construction) and test (text-to-SQL evaluation) databases. 101
Results of KAT-SQL with the state-of-the-art text-to-SQL model on the BIRD leaderboard.102
Text to SQL results with different LLMs. . . . . . .. ... .. ... 102
Case study of knowledge and SQL generation results from three queries. . . . . . . .. .. 103

Examples of original and its (similar) constructed knowledge within the knowledge base. . 103

vi



2.1

2.2

2.3

2.4

2.5

2.6

2.7
2.8
2.9

2.10
2.11

2.12

2.13
2.14

List of Figures

(a) For the input question in the prompt, the large language model (such as GPT-3 [5])
can generate the answer based on its internal knowledge in parameters, but hallucinates it
(which is highlighted in yellow). (b) Our Knowledge-Augmented language model PrompT-
ING (KAPING) framework first retrieves the relevant facts in the knowledge graph from
the entities in the question, and then augments them to the prompt, to generate the
factually correct answer. . . . . . ... oL L 4

Comparisons of retrieval and LM prompting, where retrieval is the Top-1 result of MP-

Net [1]. . o o 11
Comparisons of correct and incorrect retrieval for the generation performance on the GPT-
3(6.7B)model. . . . ... 12

Performances with varying the knowledge amount, where we change the number of re-
trieved triples to augment. . . . . . ... L oL 12
Performances with varying the knowledge order, where we change the location (namely,
top, bottom, or random) of more relevant triples for the question in the prompt of LLMs. 13
Existing knowledge-augmented language models first retrieve the relevant knowledge to
the given query from the external knowledge base and augment LMs with the retrieved
knowledge to generate the factually correct responses. However, there are two types of
errors: 1) the retrieved knowledge might be irrelevant to the given query (retrieval error);
2) the generated answer might not be grounded in the retrieved knowledge (grounding
error). Our proposed KALMYV can detect those two types of errors in knowledge retrieval
and grounding, and also iteratively rectify them, reducing hallucinations. . . . .. .. .. 16
Ratios of verification types and accuracies on them with the FLAN Base as LMs. . . . . . 23
Varying the number of rectifying steps with F1, Recall, and Precision as the verifier metrics. 24
Hlustration of the existing and the proposed RAG scenarios. (A) Textual RAG retrieves
documents (relevant to queries) from a text corpus and incorporates them when generating
answers. (B) Conventional image-text multimodal RAG extends retrieval to include static
images. (C) VideoRAG (ours) further extends the external knowledge source to videos. . 27
Overview of the VideoRAG pipeline, which selects key frames for retrieval and generation. 30
Visualization of latent space of features across modalities with Principal Component Anal-
ysis (PCA). . . e 34
Impact of varying the interpolation ratio between textual and visual features on the video
retrieval performance. . . . . . ... L L 34
Results of varying the sizes of the InternVL model. . . . . . . . . ... ... ... ..... 35
Breakdown performance of different methods across 10 categories with ROUGE-L as an

evaluation metric. . . . . . . . . L e 35

vii



3.1

3.2

3.3

3.4

3.5

3.6

3.7

3.8

4.1

Comparison of different information retrieval approaches. (a): Conventional methods use a
small portion of the text within the document for its representation. (b): Recent methods
use first-page screenshot images to represent the document. (c): Our approach leverages
the full contextual information within documents interleaved with multiple modalities by
considering them in their original format, and is further capable of pinpointing relevant
sections for the query. . . . . . . . . . e
Overview of the proposed IDentlfy framework. (a): In our document retriever, a query
encoder represents a query (purple), and sections are encoded with a section encoder
whose embeddings are averaged to form a document representation (blue). Contrastive
learning loss (red) is used for training the document retriever. (b): Reranker scores query-
section relevance with the concatenation of the query and section, trained using Binary
Cross-Entropy (BCE) loss. . . . . . . . . . o e
Trade-off between the performance (MRR@10) and the training cost (GPU Memory) for
retrieval with respect to the number of sections considered. . . . . .. ... ... .....
(a) A conventional fact retrieval from KGs involves three sequential steps: 1) entity men-
tion detection to identify entities in queries; 2) entity disambiguation to match entities
in input texts to KGs; 3) relation classification to select relevant relations. (b) Our fact
retrieval directly retrieves relevant facts with their representational similarities to input
QUETIES. . . . o o e e
Breakdown results by single and multi-hops, where we report ratios of single and multi-
hops samples on the left side of each subfigure, and Hits@1 of DiFaR and DiFaR? across
single and multi-hops on the middle and right. We exclude the SimpleQuestions dataset
that consists of single-hop questions. . . . . . . . . . . ... ...
Performances and efficiencies of DiFaR? with varying K, where we change the number of
Top-K retrieved triplets when leveraging the reranking strategy. We report results with
the relative improvement (%) to our DiFaR without reranking. We report the time with
average over 30 TUNS. . . . . . . . v v v it e e e e e e e e e e e
Entity linking results, where we measure the performances on benchmark datasets with
Wikidata and Freebase KGs. Note that entity mentions of the SimpleQuestions dataset
are not available; thus, we cannot fine-tune existing entity linkers, which additionally
require mention labels, unlike ours. . . . . . . .. ..o L
Overview of the proposed Universal Retriever: given a natural-language query from a user,
it predicts task tokens, conditions on metadata, and generates source-specific retrieval
queries (SQL, SPARQL, or lexical terms) for relational databases, knowledge graphs, and

unstructured documents. . . . . . ... L e

Hlustration of the Knowledge-augmented large Language Model for Personalization (K-
LaMP) framework for contextual query suggestion. (A) A user’s search context includes a
current query and a page being viewed. (B) The user has knowledge of medicine, extracted
from past search activities. (C) Conventional query suggestion with naive LLMs generates
a query unrelated to the user’s knowledge and the context. (D) K-LaMP suggests a query

that is personally and contextually relevant. . . . . . . . . .. . ... .. ... .. ... ..

viii

58



4.2 Overview of K-LaMP. The inputs to the system are (A) previous search logs and (B) the
current search context of a user, which consist of a query and an associated web-page.
(C) Each search record is stored in a memory stream along with a time stamp. (D) The
entity-based knowledge store is constructed by aggregating entities extracted from the
memory stream. (E) K-LaMP augmented with entities retrieved from the entity-based
personal knowledge store, generates query suggestions that are compatible with the user’s

knowledge and interests. . . . . . .. ..o

69

4.3 Results of variants of K-LaMP on knowledge retrieval strategy, and results without retrieval. 76

4.4 Results with different numbers of previous queries (i.e., different memory sizes). . . . . . .
4.5 (A) The scientific knowledge used for research idea generation consists of a paper, its
relationships over an academic graph, and entities within a knowledge store extracted
from numerous papers. (B) Given them, the proposed research idea generation process
involves problem identification, method development, and experiment design. Those are
also iteratively refined by reviews and feedback from reviewing agents, aligned with criteria
induced from human judgements. . . . . . . . . ... Lo
4.6 Visualization of the distribution of disciplines for all core papers, selected for research idea
generation. . . . . .. Lo L e e e e
4.7 Main results on our research idea generation task with human- (top) and model-based
(bottom) evaluations, where we report the score of each idea (problem, method, or exper-
iment design) based on its own five criteria and their average score. . . . . . . . . ... ..
4.8 Results of pairwise comparisons between ideas from two of any different approaches.
4.9 Results with varying the number of refinement steps for iterative idea generation. . . . . .
4.10 Distributions of model-based evaluation results with and without the human-induced score
criteria alignment (middle and right), as well as human evaluation results (left). . . . . . .
4.11 Results with bucketing papers based on citations. . . . . . . .. ... ... ... ... ...
4.12 (A) Text-to-SQL aims to translate a user query into a SQL statement executable over a
database, to access the desired information. (B) Existing Text-to-SQL with Knowledge
Generation approaches generate the knowledge relevant to the user query and formulate
the SQL statement with this generated knowledge. (C) Our Text-to-SQL with Knowl-
edge Base Construction approach builds the repository of the knowledge and reuses the
knowledge within it across multiple queries and databases. (Right:) The knowledge in the
training set of the text-to-SQL benchmark [6] covers 21% of the knowledge required for
test-time queries, and our constructed knowledge base further covers 50% of them.
4.13 Results for coverage and relevance of the knowledge entries in the constructed knowledge

base against the gold knowledge, with different numbers of knowledge generation steps.

ix

7

93

. 100



Chapter 1. Introduction

1.1 Background and Motivation

Over the past several years, foundation models [7, 8, 9, 10, 11, 12, 13, 14] have rapidly reshaped the
landscape of artificial intelligence. In particular, powered by large-scale pre-training over diverse corpora
and refined through alignment techniques, these models demonstrate strong generalization abilities across
various tasks ranging from open-ended dialogue and code generation to complex reasoning. It is worth
noting that this progress has been driven largely by scaling (e.g., expanding model parameters, training
data, and compute budgets), which has produced models of unprecedented capability.

Yet, scaling alone does not overcome two fundamental limitations. First, the knowledge internalized
in the model parameters is inevitably inaccurate, incomplete, and outdated: no matter how large a model
is, its internalized knowledge reflects only the distribution on which it was trained. Second, foundation
models are inherently stateless: they process inputs purely as functions of their current context, without
persistence or access to (evolving) external information. For instance, in practical deployment scenarios
of foundation models (such as ChatGPT or Gemini), their outputs are heavily influenced by the context
they receive at inference time, not merely by the number of parameters behind them.

This observation motivates a crucial shift in perspective: rather than asking how large a model must
be, we should instead ask and answer how effectively a model can be contextualized. Contextualization
refers to the process of retrieving, structuring, verifying, and integrating knowledge into a model context
so that the model can process and reason over diverse information that may be only partially encoded in
its parameters or not encoded at all. As a result, in modern AI systems built on top of foundation models,
the quality, accuracy, and relevance of this contextual information could directly shape the downstream
predictions, often far more than the sheer number of parameters alone.

However, contextualization itself introduces multiple substantial challenges: it requires identifying
and retrieving the right information from vast and heterogeneous knowledge sources; structuring and
representing this information in formats suitable for model consumption; verifying retrieved facts and
generated outputs to mitigate hallucinations and grounding failures holistically; and integrating knowl-
edge from diverse modalities, schemas, and domains into the unified context. These challenges highlight
that the frontier of model capability hinges not only on architectural improvements with increased sizes

but also on the mechanisms through which models interface with, and reason over, various knowledge.

1.2 Thesis Scope and Research Directions

This dissertation investigates contextualization as a fundamental principle for advancing foundation
model capabilities beyond parameter scaling. It argues that the future of foundation models (and poten-
tially the agentic systems built upon them) will be determined not by how much information they can
encode internally, but by how effectively they can retrieve, verify, and utilize the knowledge required for
reliable output generation and decision-making. To support this argument, the dissertation develops a

coherent line of works organized into three interconnected directions:



Chapter 2: Foundation Model Contextualization with Verification. The first part of the dis-
sertation focuses on augmenting foundation models with external knowledge without modifying their
parameters. This includes methods that incorporate structured, unstructured, and multimodal informa-
tion into model contexts [15, 16, 17, 18], allowing models to leverage knowledge that would otherwise
remain inaccessible. However, an additional challenge here is that contextualization alone does not guar-
antee correctness: the evidence retrieved may be incomplete or irrelevant, and models may fail to ground
their answers in the retrieved sources (instead relying on unsupported or spurious internal associations).
To address this, the dissertation further introduces verification mechanisms that detect and correct two
critical error types, namely retrieval errors and grounding errors [19, 20]. In particular, by iteratively
verifying retrieved facts and generated outputs and further correcting them whenever errors are detected,

the methods significantly improve the accuracy and robustness of contextualized predictions.

Chapter 3: Universal Knowledge Retrieval for Contextualization. The next part of the disser-
tation aims to enhance contextualization by improving the quality and coverage of the knowledge being
retrieved. In other words, since the effectiveness of contextualization is largely bounded by the relevance
and fidelity of the retrieved information, this part develops retrieval techniques capable of handling a
diverse set of knowledge sources, including unstructured text corpora, multimodal documents that in-
terleave images and tables, videos with temporal structure, and structured resources such as knowledge
graphs and relational databases. Specifically, since each of these sources requires distinct representational
assumptions and retrieval interfaces, the dissertation introduces strategies that transform heterogeneous
sources into formats compatible with conventional retrieval pipelines; for example, linearizing relational
facts from knowledge graphs to make them accessible through conventional text retrieval methods [21],
and encoding multimodal and temporal signals from documents and videos into embedding spaces [22, 17]
so that retrieval behaves consistently across different modalities. Extending this direction further, the
dissertation proposes a unified data access framework that generates source-specific queries while main-
taining a common interface across knowledge types, enabling foundation models to retrieve information

from diverse knowledge sources in a coherent and modality-agnostic manner.

Chapter 4: Contextualization in Real-World Applications. The third part of the dissertation
shows how contextualization enables foundation models to support real-world applications that require
domain-specific information and grounding. In this part, the dissertation presents frameworks that apply
contextualization to settings such as personalization, scientific discovery, and natural-language access to
structured enterprise data (i.e., domains in which models must operate over specialized information that
may not be in their parameters). Specifically, for personalization, the dissertation introduces an entity-
centric knowledge augmentation approach that constructs lightweight user-specific knowledge stores from
search and browsing histories to generate contextually relevant and tailored query suggestions (and, in
general, model outputs) [23]. For scientific discovery, the dissertation develops a research idea generation
and refinement framework that contextualizes models with papers, citations, and concept-level knowledge
to produce more creative, valid, and specific research hypotheses [24]. Lastly, in natural-language access
to structured databases, the dissertation proposes a knowledge-base construction method for text-to-
SQL, which retrieves schema-aware and domain-relevant knowledge to guide models to generate more
accurate SQL queries [25]. Taken together, these applications show that contextualization is not merely
a technical mechanism for augmenting model inputs, but a practical pathway for enabling foundation

models to operate reliably in specialized domains, grounding their outputs in task-relevant knowledge.



This dissertation takes the position that advancing foundation models requires shifting focus from
parameter scaling to strengthening their capability to retrieve, verify, and utilize knowledge. The three
research directions (such as contextualizing models with diverse knowledge, developing universal retrieval
techniques, and demonstrating real-world impact), together establish contextualization as a principle for
next-generation Al agents and systems. In Chapter 5, I revisit these contributions and discuss broader
implications. I also outline promising avenues for future work, including conflict-aware contextualization,
memory-enhanced agentic systems, and more robust verification methods for reasoning-intensive domains

(AI for Science), which may further shape the role of contextualization in building more capable Al



Chapter 2. Foundation Model
Contextualization with Verification

2.1 Knowledge-Augmented Language Model Contextualization

2.1.1 Motivation

(a) Language Model Prompting w/o Knowledge Augmentation

[Prompt]
Question: Which member of Black Eyed Peas appeared in Poseidon?
Answer:

[Generated Answer]
Tariq Al

(b) Knowledge-Augmented Language Model Prompting

~——

0 /
Retrieval

[Prompt] L
Below are the facts that might be relevant to answer the question: ;’
(Black Eyed Peas, has part, Fergie), (Black Eyed Peas, has part, Kim Hill),
(Poseidon, cast member, Fergie)

Question: Which member of Black Eyed Peas appeared in Poseidon?

Answer:

[Generated Answer]
Fergie

Figure 2.1: (a) For the input question in the prompt, the large language model (such as GPT-3 [5])
can generate the answer based on its internal knowledge in parameters, but hallucinates it (which is
highlighted in yellow). (b) Our Knowledge-Augmented language model PrompTING (KAPING) frame-
work first retrieves the relevant facts in the knowledge graph from the entities in the question, and then
augments them to the prompt, to generate the factually correct answer.

Pre-trained Language Models (LMs) [26, 27], which are trained on a large amount of text corpora
with self-supervised learning, can perform closed-book Question Answering (QA) tasks that aim to
answer the user’s question based only on their internal knowledge in parameters, without using any
external knowledge [28, 29]. Also, when we increase the LM sizes, Large Language Models (LLMs) can
generate the answer for the question without any additional fine-tuning steps, called LM prompting [5, 30].
However, since the knowledge in LLMs might be incomplete, incorrect, and outdated, they often generate

factually wrong answers, known as hallucination [31] (See Figure 2.1a). Also, refining the knowledge in



LLMs with parameter updates is costly, especially when knowledge is constantly changing (e.g., exchange
rates of money). Lastly, whether LLMs are fetching the correct knowledge for QA is unclear.

To overcome those limitations, we propose to retrieve and inject the relevant knowledge directly
as an input, called a prompt, to LLMs (Figure 2.1b). As a knowledge source, we use a Knowledge
Graph (KG) consisting of symbolic knowledge in the form of a triple: (head entity, relation, tail entity).
Therefore, to extract the relevant facts to the input question, we first match entities in the question with
entities in the KG. After that, triples associated to entities in the KG are verbalized (i.e., transforming
the symbolic relational knowledge to the textual string) and prepended to the input question, which
are then forwarded to LLMs to generate the answer. Consequently, LLMs conditioned on the factual
knowledge are able to generate the factual answers, alleviating the hallucination issue, while keeping
LLMs’ parameters unchanged: fine-tuning is not required for knowledge updates. We refer to our overall
framework as Knowledge-Augmented language model PromptING (KAPING), which is completely
zero-shot and can be done with any off-the-shelf LLMs, without additional training.

While the above scheme looks simple yet effective, there is a couple of challenges. First, most
retrieved triples associated with the question entities are unrelated to answer the given question. For
example, when we retrieve the associated triples for the question entity (e.g., Poseidon) in Figure 2.1 in
the Wikidata KG [32], there exist 60 triples, and most of them (e.g., genre, publication date, to name
a few) are irrelevant to answer the question. Therefore, they might mislead the model into generating
incorrect answers. On the other hand, the number of triples for the question entities is occasionally
large (e.g., 27% samples for the WebQSP dataset [33] have more than 1,000 triples), thereby encoding
all triples including unnecessary ones yields high computational costs, especially on LLMs.

To overcome such challenges, we further propose to filter out unnecessary triples based on their
semantic similarities to the input question, inspired by the information retrieval [34]. To be specific,
we first represent the question and its associated verbalized triples in the embedding space. Then, we
retrieve the small number of triples whose embeddings are more close to the input question’s embedding
than others. By doing so, we can prepend only the more relevant triples to the given question, which can
effectively prevent LLMs from generating irrelevant answers with high computational efficiencies, unlike
the one that augments all triples. Note that, our filtering approach uses off-the-shelf sentence embedding
models [1, 35]; thus no additional training is required in every part of our pipeline.

We then validate our KAPING framework on Knowledge Graph Question Answering (KGQA) tasks.
The results show that our KAPING significantly outperforms relevant zero-shot baselines. Also, the

detailed analyses support the importance of knowledge retrieval and augmentation schemes.

2.1.2 Related Work

Language Model Prompting Language model pre-training, which trains Transformers [36] on unan-
notated text corpora with auto-encoding [26, 37] or auto-regressive [38, 39] objectives, becomes an essen-
tial approach for natural language tasks. Also, Large Language Models (LLMs) [5, 27, 40, 41] are able
to perform zero-shot learning, for example, generating the answer for the input textual prompt, based
on the knowledge stored in pre-trained parameters [28, 29, 42], without additional parameter updates as
well as labeled datasets. To further improve their performances, some work [43, 44] proposes retrieving
relevant samples to the input question from the training dataset and prepending them in the prompt
under few-show learning. Recent few work [45, 46] further shows that, when LLMs are fine-tuned on
a collection of instructions phrased from natural language tasks, they can have strong generalization

performance on unseen zero-shot tasks. However, the knowledge inside LMs might be insufficient to



tackle factual questions, which gives rise to knowledge-augmented LMs. Notably, our LM prompting is

different from prompt-tuning literature [47, 48] that additionally tunes LMs with model training.

Knowledge-Augmented LMs Recent work proposes to integrate the knowledge, such as documents
from unstructured corpora (e.g., Wikipedia) and facts from Knowledge Graphs (KGs), into LMs. To
mention a few, REALM [49] and RAG [50] learn to retrieve documents and augment LMs with them.
In addition, KGs could be another knowledge source, where the knowledge is succinctly encoded in the
most compact form, and some methods augment such facts in KGs into LMs [51, 52, 53]. However, all
aforementioned approaches require massive amount of training data and model updates for downstream
tasks. While more recent work [54] shows retrieval-augmented LM can have strong performance with
few-shot learning, it still requires extra training steps, which is different from ours focusing on LM
prompting for entirely zero-shot. Recently, there are few studies augmenting the knowledge in the LM
prompting scheme. Specifically, some work proposes to extract the knowledge in the parameters of LLMs
themselves via prompting, and then use the extracted knowledge to answer the question [55, 56, 57, 58].
However, since LLMs’ parameters might be insufficient to store all the world knowledge, the extracted
knowledge and generated answers might be inaccurate. On the other hand, Lazaridou et al. [59] propose
to use the Google Search to retrieve documents on the Web, and then prepend the retrieved documents
to the input question along with few-shot demonstrations, to answer the question under few-shot LLM
prompting schemes. Yet, our focus on zero-shot prompting with KGs is orthogonal to the previous study
working on documents with few-shot prompting, and leveraging KGs can bring additional advantages.
Specifically, since KGs can succinctly encode the knowledge in the compact triple form, for QA tasks,
ours makes LLM prompting more efficient (i.e., reducing the input sequence compared to the document
case), as well as more effective on the zero-shot QA scheme: LLMs need to select one triple containing

the answer entity in the prompt, instead of looking through lengthy documents having various entities.

Knowledge Graph Question Answering The goal of our target Knowledge Graph Question An-
swering (KGQA) tasks is to answer the input question based on a set of facts over KGs [60, 61]. Previous
approaches are broadly classified into neural semantic parsing-based methods [62, 63, 64], information
retrieval-based methods [65, 66, 67], and differentiable KG-based methods [68, 69, 70], which, however,
require annotated data with additional model training. While Zhou et al. [71] aim to transfer the KGQA
model to the target language domains without any training data on them, this work indeed needs the
labeled data to train the model on data-rich source domains first before transferring the model to the
target domains. In contrast to all the aforementioned methods, we explore the novel zero-shot KGQA

mechanism, which does not require any annotated QA pairs and training, leveraging LM prompting.

2.1.3 Approach

We now describe our Knowledge-Augmented language model PromptING (KAPING) framework.

2.1.3.1 LM Prompting for Zero-Shot QA
We begin with the zero-shot question answering, and then explain the language model prompting.
Zero-Shot Question Answering Given an input question x, the Question Answering (QA) system

returns an answer y, where & and y consist of sequences of tokens: x = [wy, w2, ..., w5 ]. Let P bea QA

model based on the Language Model (LM) [27, 5], which generates the conditional probability of answer



y for question x as follows: P(y|x). Then, in contrast to supervised learning that trains model P with
a set of annotated (x, y) pairs, zero-shot learning does not use any labeled samples and model training.
Notably, we are interested in this zero-shot QA, since collecting the dataset and then fine-tuning the

existing LMs for every new domain are known to be expensive and sometimes infeasible [72, 73].

LM Prompting LMs are often pre-trained by predicting the next token based on previous tokens,
which is known as auto-regressive language modeling [39, 27]. Then, thanks to this pre-training objective,
LLMs can perform zero-shot instruction learning. Specifically, when we provide a question as well as an
instruction (e.g., "Please answer the question: Who is the author of Lady Susan?") to the LLM (i.e., P),
such the LLM, conditioned by the input text, can sequentially generate the probability of output tokens,
which might be an answer, "Jane Austen'.

To be more formal, for every input question x, we first modify it with a particular instruction
template T into a textual string &’ called a prompt, as follows: T : & — x’. For example, if we have the
previous question @ = "Who is the author of Lady Susan?" along with the previous instruction template
"Please answer the question:", the resulting prompt &’ would be T'(x) = "Please answer the question:
Who is the author of Lady Susan?'. Then, we forward the prompt @’ to the LLM (i.e., P), which then
generates the answer (i.e., y) through P(y|x’). Note that this LM prompting scheme does not require
any additional model parameter updates (i.e., fine-tuning) on the labeled data, thus appropriate for the
target zero-shot QA task.

However, there are multiple challenges in this naive zero-shot prompting for QA. First, LLMs, which
rely on the knowledge in parameters, are vulnerable from generating the factually incorrect answer, since
the knowledge in LLMs might be inaccurate, and outdated: knowledge can be emerged and changed
over time. Also, refining the internalized knowledge with additional parameter updates is expensive,
while it is necessary to reflect the wrong and ever growing knowledge. Lastly, which knowledge LLMs
memorize and utilize when generating the answer to the question prompt is unclear, which limits their

explainability on the outputs.

2.1.3.2 Knowledge-Augmented LM Prompting

In order to tackle the aforementioned limitations of the existing LM prompting scheme, we propose
to inject the relevant knowledge to the input question from the Knowledge Graph (KG), which we refer
to as Knowledge-Augmented language model PromptING (KAPING). In this subsection, we first define
the main objective of our KAPING framework, and then introduce the ingredients for augmenting the

knowledge over KGs to LM prompts.

LM Prompting with Knowledge Graphs Instead of relying on the knowledge internalized in pa-
rameters, we propose to additionally access and inject the knowledge from the external KG, which
contains accurate and up-to-date facts helpful to answer the question. Formally, a knowledge graph G
consists of a set of factual triples {(s,r,0)}, where s and o denote subject and object entities, and r is a
specific type of a relation between them. For example, one relational knowledge "Lady Susan was written
by Jane Austen" can be represented as a triple consisting of two entities s = "Lady Susan" and o = "Jane
Austen" along with a relation r = "written by". Then, for the question prompt «’ transformed from the
example question & = "Who is the author of Lady Susan?" via the template T, we additionally augment
its relevant triple: (Lady Susan, written by, Jane Austen), to the LM prompting scheme. By doing so,

LLMs can generate the answer with regard to the augmented knowledge from KGs, formalized as follows:



P(y|x’,G). Note that, since we can provide specific and valid facts in KGs to LLMs whenever they exist,
our framework can alleviate hallucination issue, originated from inaccurate and outdated knowledge in
LLMs, without costly updating their model parameters. Furthermore, we can confirm whether LLMs
generate answers based on augmented facts, thus improving the explainability of LM prompting.

The remaining questions are then how to access the relational symbolic facts over the KG from
the input question, wverbalize the symbolic knowledge to the textual string, and inject the verbalized

knowledge into the LM prompting scheme. We explain them one by one in the following paragraphs.

Knowledge Access In order to utilize the related facts to the input question, we first extract the
entities in the question. For example, for the question "Who is the author of Lady Susan?", we extract
the entity "Lady Susan". Then, based on the extracted entity, we find its corresponding entity over the
KG, whose incident triples then become associated facts to the input question. Note that entity matching

can be done by existing entity linking techniques [74, 75, 2].

Knowledge Verbalization LLMs are working on textual inputs, whereas factual triples are repre-
sented over the symbolic graph. Therefore, before injecting the symbolic fact from KGs to LLMs, we
first transform the triple consisting of (s, r,0) into its textual string, called verbalization. While there
exists recent methods [76, 77| that particularly design or even learn the graph-to-text transformation, in
this work, we use the linear verbalization: concatenating the subject, relation, and object texts in the
triple, which we observe works well in LM prompting. For instance, one triple (Lady Susan, written by,

Jane Austen) is used as is: "(Lady Susan, written by, Jane Austen)', for an LLM’s input.

Knowledge Injection Based on verbalized facts associated with the input question, the remaining
step is to realize the knowledge injection mechanism, which allows LLMs to be grounded on the ex-
ternal knowledge, useful to generate the answer. Let assume we have a set of N associated triples
k = {(s;,r, oi)}fvzl for question @. Then, similar to instruction template T :  — x’ described in Sec-
tion 2.1.3.1, we modify N verbalized triples k along with the instruction for the knowledge injection into
the knowledge prompt k', as follows: T : k — k’. One particular template we use for constructing the
prompt is that, we first enumerate N verbalized triples line-by-line and then add the specific instruction:
"Below are facts in the form of the triple meaningful to answer the question.", at the top of the prompt.
After that, such the knowledge prompt string, k', is prepended to the question prompt z’, and LLMs
conditioned by knowledge and question prompts then sequentially generate the answer tokens, formalized

as follows: P(y|[k’,x']), where [-] denotes concatenation.

2.1.3.3 Question-Relevant Knowledge Retrieval

The proposed KAPING framework in Section 2.1.3.2, allows LLMs to leverage the knowledge from
KGs for zero-shot QA. However, there are critical challenges that the number of triples associated to
questions is often too large to forward in LLMs. Also, most of them are unrelated to the question,

misleading LLMs into generating the irrelevant answer.

Knowledge Retriever To overcome those limitations, we further propose to retrieve and augment
only the relevant triples to the question. Note that there exists a document-retrieval scheme [78], whose
goal is to retrieve relevant documents for the given query based on their embedding similarities, which

motivates us to retrieve, in our case, the triples for the user’s question. In particular, thanks to the



verbalizer defined in Section 2.1.3.2, we can play with triples, obtained from symbolic KGs, over the text
space. Therefore, for the verbalized triple and the question, we first embed them onto the representation
space with off-the-shelf sentence embedding models for text retrieval [1, 79, 80], and then calculate their
similarities. After that, we use only the top-K similar triples, instead of using all N triples, associated to
the given question. Note that, unlike few recent studies [76, 77, 53] that aim at improving KG retrievers
themselves under supervised training, we focus on zero-shot LM prompting with KGs, thus we use any

off-the-shelf retrievers as a tool to filter out unnecessary triples for questions.

2.1.4 Experiments

We first explain datasets, models, metrics, and implementations.

2.1.4.1 Datasets

We evaluate our Knowledge-Augmented language model PromptING (KAPING) framework on two
Knowledge Graph Question Answering (KGQA) datasets, namely WebQuestionsSP and Mintaka.

WebQuestionsSP (WebQSP) This dataset [81, 33] is designed with a Freebase KG [82]. It consists
of 1,639 test samples, which we use for zero-shot evaluation. Additionally, since Freebase is outdated,
we further use the Wikidata KG [32] by using available mappings from Freebase ids to Wikidata [83].
This additional dataset consists of 1,466 samples.

Mintaka This dataset [84] is recently designed with the Wikidata KG for complex KGQA tasks.
Among 8 different languages, we use English test sets consisting of 4,000 samples.
2.1.4.2 Large Language Models

To verify the performance of our KAPING framework on Large Language Models (LLMs), as well
as benchmarking them on zero-shot KGQA, we use various LLMs with different sizes. Specifically, we
use T5 [27] (0.8B, 3B, 11B), T0 [45] (3B, 11B), OPT [85] (2.7B, 6.7B) and GPT-3 [5] (6.7B, 175B).

2.1.4.3 Baselines and Our Model
In this subsection, we explain four zero-shot LM prompting baselines and our KAPING framework.

No Knowledge This is a naive LM prompting baseline, which generates answers from input questions

without knowledge augmentation from KGs.

Random Knowledge This is an LM prompting baseline, which additionally augments the randomly

sampled K triples, associated to the entities appeared in the question, to the prompt.

Popular Knowledge This is an LM prompting baseline, which augments K popular triples among

all triples from the question entities, based on relations that appear the most frequently in the KG.

Generated Knowledge This is an LM prompting baseline, which first extracts the knowledge from
LLMs themselves based on prompting, and then augments them as the form of the prompt [56], which

is similar to Kojima et al. [55].



Table 2.1: Main results of language model prompting, where we report the generation accuracy. The
number inside the parentheses in the first row denotes the parameter size of language models, and the
best scores are emphasized in bold.

Datasets Methods T5 (0.8B) T5 (3B) T5 (11B) OPT (2.7B) OPT (6.7B) OPT (13B) TO (3B) TO (11B) GPT-3 (6.7B) GPT-3 (175B) AlexaTM (20B) Average
No Knowledge 695 1340 948 19.85 2077 2838 2143 4077 1463 63.59 16.79 20.55
Random Knowledge ~ 2155  19.15  17.57 28.07 3173 3331 3262 51.20 5101 65.87 5737 37.22
W/ezgsi Popular Knowledge 1530 1688 1839 28.32 28.13 2421 2705 47.22 4558 62.26 54.91 33.48
w/ Freebase
Generated Knowledge ~ 6.19 784 676 7.46 11.50 8.22 1941 3881 15.89 62.14 35.13 >
KAPING (Ours) 3470 25.41 24.91  41.09 40.20 5228 62.85 60.37 73.89 67.67
No Knowledge 1030 1842 1521 23.94 3240 2456 44.20 18,50 67.60 12.41 32.85
Random Knowledge ~ 17.94 2278  24.28 37.24 3827 2885  47.68 52.05 60.64 55.63 38.27
W/C';‘Vlil_)d . Popular Knowledge 1535 2080  20.74 30.83 27.83 2483 48.02 4741 63.37 53.92 34.83
W, i1Kidata
Generated Knowledge  11.94  13.30  12.28 11.26 1419 2292 4134 48.77 65.89 3116 26.42
KAPING (Ours)  23.67 40.38 3547  49.52 51.57  49.86  58.73 60.44 69.58 65.04 50.69
No Knowledge 1123 1425  17.06 19.76 2683 1475 23.74 34.65 56.33 1197 26.16
Random Knowledge 1759 1819  18.83 28.11 2836 1610  26.15 32.98 51.56 16.02 28.22
M/‘““);}‘l:?d ., Popular Knowledge 1736 18.09 1873 26.97 2310 1674 2715 32.48 53.16 146.41 27.95
1Kldata
v Generated Knowledge  13.61  14.61  14.20 11.87 1624 1446 23.13 33.12 55.65 34.58 2241
KAPING (Ours)  19.72  22.00 22.85  32.94 33.37  20.68  29.50 35.61 56.86 49.08 32.27

KAPING (Ours) This is our Knowledge Augmented language model PromptING (KAPING) frame-
work, which first retrieves the top-K similar triples to the question with the knowledge retriever, and

then augments them as the form of the prompt.

2.1.4.4 Evaluation Metrics

Generation Following the evaluation protocol of generative KGQA [86, 84, 87], we use accuracy, which
measures whether the generated tokens from the given prompt include one of the answer entities. Note
that we further consider aliases — a set of alternative names — of answer entities available in Freebase
and Wikidata KGs, for evaluation.

Retrieval We also measure the retriever performance, to see how much the retrieved triples are helpful
for answer generation. As metrics, we use Mean Reciprocal Rank (MRR) and Top-K accuracy (Top-K),
which are calculated by ranks of correctly retrieved triples containing answer entities among all triples

associated to question entities.

2.1.4.5 Implementation Details

For the knowledge injection, we set the number of retrieved facts as 10 (K = 10), and the hop for
triple retrieval as one. For the text-based retriever, we experiment with MPNet [1] that uses the same

encoder for embedding question and triples.

2.1.4.6 Experimental Results and Analyses

We now provide the overall results of our KAPING framework along with its comprehensive analyses.

Main Results As shown in Table 2.1, our KAPING framework significantly outperforms all LM
prompting baselines, on zero-shot KGQA tasks. In particular, the generated knowledge model mostly
degenerates the performance compared to the no knowledge model, since the extracted knowledge from
LLMs themselves might be inaccurate. On the other hand, the random and popular knowledge baselines
bring performance improvements, since the augmented knowledge from KGs are sometimes useful to

answer the question. However, ours outperforms them, which suggests that, for zero-shot LM prompting
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Table 2.2: Retriever results, where we compare random model, popular model, and MPNet [1].

1-Hop Retrieval 2-Hop Retrieval

Datasets Retrievers MRR Top-1 Top-10 Top-30 MRR Top-1 Top-10 Top-30

Random 12.50 7.21 25.09 34.64 1.50 0.70 2.65 5.37

?/eggiiase Popular 8.58 5.31 15.93 24.53 1.59 0.95 2.72 4.68
MPNet 47.27  40.27 60.56 64.48 41.64 33.12 58.47 65.23

Random 9.50 3.62 22.58 40.72 1.31 0.00 2.80 8.59

?/e%(\?iiliadata Popular 8.52 4.57 15.89 35.47 4.63 4.02 5.53 6.62
MPNet 43.46  33.36 64.39 70.67 40.42 30.56 62.62 71.56

Mintaka Random 4.80 1.85 11.48 22.03 0.91 0.14 1.78 5.15

/ Wikidata Popular 6.09 3.09 12.51 20.47 0.24 0.04 0.28 1.24
w MPNet 13.01 7.50 25.44 35.43 13.00 6.82 26.65 40.01

WebQSP w/ Freebase 20 WebQSP w/ Wikidata 20 Mintaka w/ Wikidata
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Figure 2.2: Comparisons of retrieval and LM prompting, where retrieval is the Top-1 result of MPNet [1].

for QA, the knowledge internalized in LLMs is insufficient to generate factual answers, and it is important
to use only the relevant facts.

In addition, we also observe larger performance improvements when LMs are relatively small. In
other words, since smaller models have insufficient parameter spaces to memorize the knowledge during
pre-training, they are more likely to generate factually incorrect answers. However, when the appropriate
knowledge is given to them, their performances sometimes become similar to larger models (e.g., different
sizes of OPT have similar performances by our KAPING). Therefore, for tasks that require factual
knowledge under low-resource setups (e.g., production), augmenting the knowledge would be beneficial,

instead of increasing model sizes to handle the huge volume of knowledge.

Retriever Results To see how relevant the augmented knowledge is, we further measure the retrieval
performances. As shown in Table 2.2, the existing retrieval model (i.e., MPNet) shows superior per-
formances against naive models: random and popular retrievers. This result suggests that our simple
graph-to-text verbalization works well with the existing retriever, which further confirms that our KAP-
ING augments useful facts in the LM prompt. Regarding the number of hops for the candidate triples
to retrieve, we observe that, when we increase the hop-size from one to two, the retriever is more likely
to retrieve irrelevant triples that does not include answer entities, as shown in Table 2.2. Therefore, in
our experiments, we retrieve knowledge among 1-hop triples of question entities.

Additionally, since we can alternatively answer the input question based on entities in the Top-1 triple

from the retriever, we compare the generation performance of LLMs to the retrieval performance. As
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Figure 2.3: Comparisons of correct and incorrect retrieval for the generation performance on the GPT-3
(6.7B) model.
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Figure 2.4: Performances with varying the knowledge amount, where we change the number of retrieved
triples to augment.
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shown in Figure 2.2, LM prompting schemes even without knowledge augmentation (i.e., no knowledge)
are superior than simply answering with the entity in the retrieved triple, except for the WebQSP w/
Freebase dataset. Also, we observe huge gaps between our KAPING framework and the simple retrieval
scheme on all datasets. These results suggest that, for zero-shot KGQA, it would be helpful to leverage
LLMs to generate answers based on their internalized and external facts, instead of directly searching

answer entities over KGs.

Impact of Correct & Incorrect Retrievals We conduct analyses on how much the correctly re-
trieved triples, having answer entities, bring performance improvements, and how performances are
affected by the incorrectly retrieved triples, which do not include answer entities. As shown in Fig-
ure 2.3, when retrieved triples contain answer entities, performances of LLMs are significantly improved,
compared to models without knowledge augmentation. However, when retrievers fail, performances are
lower than models of no knowledge augmentation. These results suggest, when relevant knowledge is
augmented, LLMs can contextualize and generate answers accurately. Meanwhile, incorrectly retrieved

knowledge makes LLMs condition on irrelevant facts, and generate wrong answers.

Varying the Amount of Knowledge We change the number of facts, to see which triple amounts
are optimal to augment in the prompt, by comparing trade-off between the generation performance
and the wall-clock time. First of all, as shown in Figure 2.4, most LLMs reach the somewhat highest

performance, when the number of triples is 5 or 10. Also, when we further increase the augmented triple
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Table 2.3: Efficiencies with varying the knowledge amount, where we measure the wall-clock time of
every model for generating the answer on the WebQSP w/ Wikidata dataset.

Relative Time

Models # of Retrieved Facts TO0 (3B) OPT (2.7B)
___NoKnowledge o .t Lo
1 0.49 1.12
) 0.73 1.48
KAPING (Ours) 10 1.07 1.89
15 1.54 2.36
30 2.49 3.77
> 80 WebQSP w/ Freebase 80 WebQSP w/ Wikidata 20 Mintaka w/ Wikidata
8 [ Relevant Facts at Top
S 70 - [ Relevant Facts at Random 70
= I Relevant Facts at Bottom 32 1
o - —
QO 60 1 60 - ]
< 24 .
g 50 A 50 A
= 16
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€ 301 301 81
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Figure 2.5: Performances with varying the knowledge order, where we change the location (namely,
top, bottom, or random) of more relevant triples for the question in the prompt of LLMs.

size to 15 and 30, performances of OPT models are largely decreasing. This result suggests that some
LMs might be distracted by irrelevant triples when their volumes are high, therefore, failing to select
and generate the answer entity.

We then measure the wall-clock time of the answer generation, for the encoder-decoder (T0) and
decoder-only (OPT) models with varying the number of augmented triples in the prompt. As shown
in Table 2.3, regarding the encoder-decoder model, our KAPING framework with less than 10 triples is
faster than the model without knowledge augmentation. We observe this is because, when the knowledge
is augmented to the model, the model tends to generate shorter answers, which can reduce the decoding
time. More specifically, the length of generated tokens for the TO model with 10 triples is 15, whereas,
the no knowledge model generates 32 tokens on average. Yet, for OPT, the more knowledge we augment,

the slower the model becomes, because of its auto-regressive characteristic for digesting the input.

Impact of Orders of Retrieved Triples In few-shot LM prompting where LLMs additionally observe
few examples in the prompt, they are known to be sensitive to the order of examples [88], and they tend
to follow the answer in the last example [89]. Based on those observations, we also conduct an analysis
on whether the order of retrieved triples affects the performance. In particular, we vary the location
of more similar triples for the question, by locating them at the Top, Bottom, or Random position of
the prompt. As shown in Figure 2.5, our KAPING is not sensitive to the location of retrieved triples,
except for the OPT model on the WebQSP dataset. In other words, the OPT model tends to generate
the entity located at the first part of the prompt input. Meanwhile, other LLMs can contextualize the

entire prompt input, and generate the entity regardless of its position.
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Table 2.4: Results with entity linking, where the model w/ EL uses entities extracted from the entity
linking technique [2], instead of using labeled ones, on Mintaka.

Models T5 3B) T5 (11B) OPT (2.7B8) OPT @3B) TO0 3B) TO (11B)
No Knowledge 14.25 17.06 19.76 26.83 14.75 23.74
Random Knowledge 18.19 18.83 28.11 28.36 16.10 26.15
Random Knowledge w/ EL 15.99 17.98 23.10 26.47 15.60 24.66
KAPING 22.00 22.85 32.94 33.37 20.68 29.50
KAPING w/ EL 18.94 20.58 26.87 28.39 18.51 27.11

Table 2.5: Generation examples of the prompted GPT-3 for the input question with augmented triples
from the retriever, where, in the last row, we change the knowledge of augmented facts to see whether
the model is able to adapt to the changed knowledge.

Question: Where did Alex Chilton die?
Retrieved triples: (Alex Chilton, place of death, New Orleans), (Alex Chilton, manner of death, natural
causes), (Alex Chilton, cause of death, myocardial infarction), (Alex Chilton, date of death, time: 42010-03-17),

Answer: New Orleans

Prompts Outputs
No Knowledge Question: Where did Alex Chilton die? Answer: Alex Chilton died in a ear-aceident on February10;
1979.
Below are facts in the form of the triple meaningful to an-  Alex Chilton died on March 17, 2010 in New Or-
swer the question. ... (Alex Chilton, date of death, time: leans, Louisiana due to a myocardial infarction.

+2010-03-17) (Alex Chilton, cause of death, myocardial in-
farction) (Alex Chilton, manner of death, natural causes)
(Alex Chilton, place of death, New Orleans) Question: Where
did Alex Chilton die? Answer:

Below are facts in the form of the triple meaningful to an-  Alex Chilton died in Los Angeles, California on
swer the question. ... (Alex Chilton, date of death, time: September 1, 2000 from pancreatic cancer.
KAPING (Ours) +2000-09-01) (Alex Chilton, cause of death, pancreatic can-
w/ Knowledge Change cer) (Alex Chilton, manner of death, natural causes) (Alex
Chilton, place of death, Los Angeles) Question: Where did
Alex Chilton die? Answer:

Effectiveness with Entity Linking Following the conventional KGQA evaluation [68], we use ques-
tion entities labeled in datasets, to retrieve facts in KGs. However, to see the performance with entities
identified by Entity Linking (EL) technique, we further conduct experiments with the EL model, namely
ReFinED [2]. As shown in Table 2.4, while the performance of KAPING w/ EL is slightly decreasing
from the model with labeled entities due to the performance of EL, we consistently observe meaningful

performance improvements from a No Knowledge model.

Case Study We conduct a case study in Table 2.5. In particular, when the knowledge is not given
to the LM, it hallucinates the factually incorrect answer. However, when related facts are retrieved
and augmented in the prompt, it can generate the correct answer. In addition, we analyze whether our
KAPING can adapt to the updated knowledge, motivated by that some knowledge can be changed over
time, while the knowledge in LMs remains static. To do so, as shown in the last row of Table 2.5, we
replace object entities of triples, and then forward the prompt with the modified facts to the LM. Then,
the result shows that the LM can generate the output based on the updated facts, which suggests the
potential of adapting LMs without costly updating their parameters.

2.1.5 Summary

In this work, we focused on the limitation of existing LM prompting schemes, which rely on the

static knowledge internalized in parameters; therefore, when such knowledge are incomplete, inaccurate,
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and outdated, LLMs may generate factually incorrect answers. To tackle this challenge, we introduced a
novel Knowledge-Augmented language model PrompTING (KAPING) framework, which augments the
knowledge for the input question from KGs directly in the input prompt of LLMs, with the fact retriever
to inject only the relevant knowledge. The proposed framework is completely zero-shot, and versatile
with any LMs, without additional parameter updates and training datasets. We validated that KAPING
yields huge performance gaps from the LM prompting model relying on its internal knowledge, especially
with smaller LMs, on the KGQA tasks. We believe our new mechanism for augmenting facts from KGs

to the LM prompt will bring substantial practical impacts in generating knowledge-grounded answers.

2.1.6 Extension: Adaptive Model Contextualization

While KAPING demonstrates that large language models can effectively leverage externally retrieved
knowledge without parameter updates, it still treats all queries uniformly, applying the same retrieval and
augmentation strategy regardless of their complexity. Yet, real-world queries vary widely, from straight-
forward factual lookups that LLMs can answer without retrieval, to multi-step, compositional questions
that require iterative reasoning and multiple rounds of retrieval. To address this more realistic spectrum
of query types, we propose the adaptive model contextualization framework (Adaptive-RAG) [16], which
extends the initial prompting-based framework by introducing an adaptive mechanism that dynamically
selects the most suitable contextualization strategy based on the predicted query complexity. Addition-
ally, this is operationalized through a lightweight classifier, trained automatically using model predictions
and dataset-induced inductive biases, which categorizes each incoming query into a complexity level and
routes it accordingly: no-retrieval prompting for simple queries, single-step retrieval-augmented prompt-
ing for moderate ones, and multi-step iterative retrieval for challenging questions. We then demonstrate
that this adaptive formulation preserves the (zero-shot) training-free spirit of the model contextualization
while substantially improving efficiency: avoiding unnecessary retrieval or multi-hop reasoning for easy
queries, while maintaining strong accuracy on complex queries. Ultimately, the proposed adaptive model
contextualization framework advances the core principle that foundation models should be augmented
not only with the right knowledge but also with the right contextualization strategy tailored to each

query, moving toward more flexible and efficient retrieval-augmented systems.
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2.2 Knowledge-Augmented Language Model Verification

2.2.1 Motivation

R Question: Where was Michael F. Phelps born?

Input Prompt: Below are facts that might be Retrieval

~ 1 1

Input Prompt: Below are facts that might be Retrieval | ! : ( |
meaningful to answer the given question. —— | meaningful to answer the given question. N
(Michael F. Phelps, occupation, Swimmer) ‘_~ : EMicEae: R Pne:ps, glace cf)fl)pir;(]h, Baltimore) ) [ ~ :
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Figure 2.6: Existing knowledge-augmented language models first retrieve the relevant knowledge to the
given query from the external knowledge base and augment LMs with the retrieved knowledge to generate
the factually correct responses. However, there are two types of errors: 1) the retrieved knowledge might
be irrelevant to the given query (retrieval error); 2) the generated answer might not be grounded in the
retrieved knowledge (grounding error). Our proposed KALMV can detect those two types of errors in
knowledge retrieval and grounding, and also iteratively rectify them, reducing hallucinations.

Recent Language Models (LMs) [5, 40, 90], which have a large number of parameters and are further
instruction-finetuned on massive datasets, have achieved remarkable successes on various language tasks.
For example, they are able to perform closed-book zero-shot question answering, which aims to provide an
answer to a user’s query without updating the LM parameters while using only the knowledge internalized
in their parameters. However, while the generated answers from LMs look plausible and sound, they are
often factually incorrect, which is a problem widely known as hallucination [31, 91, 92]. Hallucination
is a critical problem when deploying LMs, since it poses a risk of spreading misinformation, potentially
misleading users who rely on the information.

To mitigate hallucination of LMs, recent works have proposed to augment LMs with the knowledge
retrieved from external knowledge sources (e.g., Wikipedia and Wikidata) [93, 94, 15]. Moreover, some
other works have proposed to check the factuality of generated texts and refine them by using the
knowledge in LMs themselves or from the external knowledge sources [95, 96, 97, 98, 99, 100]. However,
while the aforementioned knowledge-augmentation strategies are effective in reducing hallucinations, we
find that there still exists a couple of challenges: 1) the retrieved knowledge may not be relevant to
the given question from the user, and 2) the generated answer may not be grounded in the retrieved
knowledge, as illustrated in Figure 2.6 (and shown in Figure 2.7).

In this work, we aim to overcome these suboptimalities of knowledge-augmented LMs. In other
words, our goal is to verify whether the retrieved knowledge used for augmenting LMs is related to
generating the answers for the given questions and whether the generated answers include the relevant

parts of the retrieved knowledge. To this end, we propose to train a small, tailorable LM that is able
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to verify the aforementioned two failure cases of knowledge-augmented LMs in retrieval and generation
steps. More specifically, we first automatically construct the training labels by categorizing the failure of
knowledge-augmented LMs into two cases: retrieval error and generation error, based on the triplet of the
input question, retrieved knowledge, and generated answer. Then, we instruction-finetune the LM with
pairs of a certain verification instruction and its associated label, during verifier training. At the inference
step, we validate the generated texts through our verifier, to filter out potentially incorrect generations
due to retrieval or generation failures, to prevent the generation of texts with inaccurate information.
Note that there exists a concurrent work [101] that proposes to check whether the generated answers
from LMs are grounded in the knowledge provided to LMs, by using APIT calls to proprietary LLMs or a
heuristic measure (F1). However, this work clearly differs from our method, since we further verify the
relevance of the retrieved knowledge in addition to the answer groundedness.

In addition, we further propose refining the output from knowledge-augmented LMs if our verifier
identifies the error in either the knowledge retrieval or the knowledge reflection. Specifically, we repeat
the answer generation process until the model retrieves the knowledge relevant to the given question
and incorporates the correctly retrieved knowledge into the generated answer, based on the verifier
outcome. Also, since detecting errors of knowledge-augmented LMs with a single instruction given to
the verifier might be inaccurate, we further construct an ensemble over multiple outputs from
different instructions with a single verifier. Notably, one extra advantage of our verifier is that it is a
plug-and-play module that works with any public or proprietary LMs, since we only require input-output
pairs of LMs for verification without any architectural changes. We refer to our proposed method as
Knowledge- Augmented Language Model Verification (KALMYV).

We experimentally validate the effectiveness of our KALMYV on two different Question Answering
(QA) tasks, namely open-domain QA and knowledge graph QA. The experimental results show that our
KALMYV can effectively verify the failure cases of knowledge-augmented LMs in knowledge retrieval and
answer generation steps, contributing to significant reduction of the hallucination. Also, further analyses

demonstrate the effectiveness of our error-rectifying and ensemble strategies.

2.2.2 Related Work

Language Models Pre-trained Language Models (LMs) [26, 37, 39, 27], which are trained on a large
corpus with self-supervised learning, show impressive performances across diverse natural language tasks
and are used as the base architecture. Recently, large language models [5, 40, 102] having billions
of parameters are able to respond to a user’s query without any model training on the target task.
On the other hand, finetuning LMs on a massive collection of natural language datasets phrased as
instructions [103, 90, 45], which is known as instruction finetuning, also enables the LMs to attain
reasonable zero-shot learning abilities without focused training on the target task. However, while
large and instruction-finetuned LMs show performance improvement on factual tasks (e.g., question
answering), they are still suboptimal since they cannot memorize all the world knowledge and may contain

distorted facts. To overcome this, recent studies propose augmenting LMs with external knowledge.

Knowledge-Augmented LMs Early works aim to incorporate knowledge from external knowledge
sources (e.g., Wikipedia) into LMs, in order to enhance their performances on tasks that require factual
knowledge, such as question answering. While such previous knowledge-augmented LMs [104, 49, 105,
106, 107] show performance improvements on knowledge-intensive tasks, in order to integrate the external

knowledge, they utilize the specific pre-training but also require changing the model architecture, which
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are not easily generalizable across different LMs and tasks. Similarly, while some recent works [50, 108,
109, 110] propose augmenting LMs with external knowledge during finetuning, they also require specific
training on each target task and dataset, and often require architecture modifications. However, training
the task- and data-specific LMs with model updates are computationally prohibitive as the size of LMs
increases exponentially. Also, previous approaches involving architecture changes are not applicable to
black-box LMs (e.g., ChatGPT), which are accessible only through API. Considering these challenges,
recent methods [93, 111, 15, 112, 101] use the large or instruction-finetuned LMs to incorporate the
external knowledge, which allows us to design only the input text to LMs without requiring additional
training thanks to their strong generalization capabilities. Following this trend, we focus on knowledge-
augmented instruction-finetuned LMs, while exploring their two underrepresented challenges: incorrect

knowledge retrieval and unfaithful knowledge reflection.

Knowledge-Augmented Fact Checking Similar to the motivation of the aforementioned knowledge-
augmented LMs, recent works [94, 96, 101, 97, 99] propose to check the factuality of the answers generated
by LMs using the external knowledge. Typically, these approaches generate the answer in response to
the user’s query with LMs, and then identify whether the generated answer aligns with the retrieved
knowledge. However, there are significant differences between our work and the existing methods. First
of all, they assume that the retrieved knowledge is pertinent, which is yet unrelated and unhelpful
sometimes, making the model generate incorrect predictions. In contrast, our proposed verifier can
recognize the relevance of the retrieved knowledge before incorporating it into the LMs. Second, previous
works suppose that the retrieved knowledge used for fact-checking is accurately reflected in the generated
answer; however, LMs often ignore the given knowledge and hallucinate the answer, whereas we can detect
and rectify such the grounding error. Lastly, unlike most fact-checking methods that always provide the
answer with its refinement, our method can further decline to provide answers unless they are validated

as correct. These differences highlight the novel contributions of our verification approach.

2.2.3 Approach

We now formally describe knowledge-augmented LMs and present our method (KALMYV).

2.2.3.1 Knowledge-Augmented Language Models

We begin with the explanation of language models.

Language Models In our problem setup, the goal of LMs is to generate a factually correct answer in
response to an input query from a user, which is formally defined as follows: § = LM(x), where  and
g are the input and output pair, each of which consists of a sequence of tokens, and LM is the language
model. We assume that LMs are already trained on massive instruction-finetuning datasets, which are
capable of performing diverse tasks (e.g., question answering) [103, 90], and also not further trainable
since we sometimes cannot update the parameters of LMs due to their huge sizes or inaccessibility [8, 113].

Note that, while previous works [28, 29] show that LMs are capable of memorizing the knowledge
seen during training, such naive LMs encounter several challenges when dealing with factual questions.
In particular, LMs cannot memorize all the factual knowledge due to their limited number of parameters.
Also, some knowledge is changed and updated over time; however, LMs remain static unless they are

further trained while training them is also very expensive.
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Knowledge-Augmented LMs In order to tackle the aforementioned challenges of naive LMs, some
works [93, 94, 15] propose to augment LMs with the knowledge retrieved from the external knowledge
base, called knowledge-augmented LMs. Formally, let K be the external knowledge base, which could
be an encyclopedia (Wikipedia) consisting of millions of documents or a knowledge graph (Wikidata)
consisting of billions of facts. Then, we first retrieve the pertinent knowledge k from the knowledge base
K based on its relevance score to the input query x, by using the retriever model denoted as follows:
k = Retriever(x,K) where k € K. After that, the retrieved knowledge k is incorporated into the input
of the LM along with the input query, as follows: § = LM(x, k). This knowledge augmentation strategy
brings impressive performance gains on factual language tasks by reducing the hallucination of LMs.
However, despite the enormous successes of the aforementioned knowledge-augmented LMs, there
exist remaining issues that have largely underexplored. First, the knowledge retrieved to augment LMs
might be irrelevant to answer the given question, since the retrieval is not always accurate in real-world
scenarios. Second, even if the retrieved knowledge is useful, LMs sometimes reflect the irrelevant part
of the retrieved knowledge, or might completely ignore the knowledge and generate the answer based on

their incorrect knowledge. Figure 2.7 shows significant occurrences of retrieval and grounding errors.

2.2.3.2 KALMYV: Learning to Verify Knowledge-Augmented Language Models

To overcome the challenges of existing knowledge-augmented LMs, we propose a verification method
that identifies the relevance of the retrieved knowledge to the query and the reflection of the knowledge

in the generated answer, called Knowledge-Augmented Language Model Verification (KALMYV).

Verification of Retrieved Knowledge Given the triplet of the input query, the retrieved knowledge,
and the generated answer (z, k, §), we aim to verify whether the retrieved knowledge k is relevant to the
query x. Since recent LMs [103, 90] can contextualize multiple sentences and understand their underlying
relationships, we use such a small and instruction-finetuned LM to identify the relatedness between the
query and the knowledge. Specifically, we prompt the verifier LM to determine the relevance based on the
verification instruction 4 as well as the input, knowledge, and generated answer triplet (z, k, §), as follows:
or = Verifiery (i, x, k,§), where Verifier; denotes the LM for retrieved knowledge verification, and oy,
denotes its output. Note that we formulate the verification task as a multiple-choice question-answering

task, i.e., the verifier should produce either "A" for incorrect retrieval or "B" for correct.

Verification of Generated Answer Our next objective is to identify whether the generated answer
from LM is grounded in the retrieved knowledge. To achieve this, similar to the retrieved knowledge
verification process explained above, we use the separate, small-size, instruction-finetuned LM for answer
verification. Formally, given the input query, retrieved knowledge, and generated answer triplet (x, k, §),
as well as the instruction ¢ describing the task of generated answer verification, the verifier LM produces
the output token, namely "A" or "B" where "A" represents that the retrieved knowledge is not reflected in
the generated answer and "B" represents the vice versa, formalized as follows: o, = Verifiery(i,, k,9).

Thus far, we propose to detect the errors of knowledge-augmented LMs in knowledge retrieval and
answer generation by using distinct LM-based verifiers. However, it is inefficient to perform two individ-
ual verification processes, since both verification formulations are identical. Also, the knowledge retrieval
and answer generation processes are sequential, which means that verifying the generated answer is un-
necessary if the retrieved knowledge is irrelevant. Therefore, we combine two verification procedures into

one by changing the task instruction accordingly with the single verification LM (Verifier). Specifically,
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Verifier produces one among the following three: A. the retrieved knowledge is not helpful to answer

the question; B. the generated answer is not grounded in the retrieved knowledge; C. all the other cases.

Instruction-Finetuning for Verifier While recent instruction-finetuned LMs might be capable of
performing the proposed verification task, it may be more beneficial to tailor the LM to the verification
task through additional instruction-finetuning. To perform this, we require the following input-output
pairs: {(x, k,y), o}, where the input consists of the given question, retrieved knowledge, and true answer,
and the output is the verification label which we automatically generate. In particular, we first examine
whether the retrieved knowledge includes the correct answer, y € k, as annotated in the training data,
and then label it as a retrieval error when the knowledge does not include the correct answer. Similarly,
if the retrieval is correct yet the generated answer ¢ from LM(x, k) does not have overlapping tokens with
the retrieved knowledge k, we label it as the generation error. Finally, for all cases where the generated
answer is correct, we label it as correct!. Then, by using the inputs phrased as instructions and their

corresponding labels, we instruction-finetune the proposed Verifier.

Ensemble Verification To identify retrieval and generation errors in knowledge-augmented LMs, we
forward the instruction along with the query, knowledge, and generated answer to the verifier. However,
it might be inaccurate to determine the errors only with a single instruction, since recent LMs are
sensitive even to minor changes in the input prompt [89, 88, 114] and also our small-size verifier LM
might not fully understand the given input context. Therefore, we design various instructions, forward

them to our single verifier, and ensemble the multiple outputs from the verifier with average.

2.2.3.3 Strategies for Rectifying Errors of Knowledge-Augmented Language Models

Our verification method provides a distinct advantage in contrast to existing knowledge-augmented
LMs and knowledge-augmented fact-checking approaches. That is, existing approaches always provide
the answers to users even if they are not reliable; however, our method can withhold the answers if errors
are detected by the proposed verifier, which can enhance the reliability and trustworthiness of LM-based
systems. However, instead of simply refraining from responding to user queries, it is more worthwhile to
rectify errors in the knowledge retrieval and answer generation stages. Thus, we further propose simple

yet effective strategies, iteratively correcting errors detected by our verifier.

Rectifying Errors in Knowledge Retrieval The retrieved knowledge from the external knowledge
base might be irrelevant to answer the question due to the retrieval error, which may mislead LMs to
generate an incorrect answer. To overcome this issue, we retrieve the new knowledge iteratively until our
verifier confirms that the retrieved knowledge is related to answering the question, for a certain number
of times (e.g., ten times). Specifically, the knowledge with the highest relevance score to the question is

retrieved, while excluding any knowledge that has been used in the previous iterations.

Rectifying Errors in Answer Generation Even though the retrieved knowledge is pertinent to the
given question, LMs sometimes ignore the knowledge augmented to them and then generate the answer
based on their inaccurate knowledge. To tackle this issue, similar to what we previously did on knowledge

retrieval, we iteratively generate the answer until the answer is confirmed by the verifier, for the specific

1There might be more sophisticated techniques to automatically assign verifier labels, which we leave as future work.
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number of times. Note that, in order to generate the answer differently across different trials, we leverage

the top-k sampling [115] that enables stochastic generation processes.

2.2.4 Experiments

In this section, we describe the datasets, models, evaluation metrics, and implementation details.

2.2.4.1 Tasks and Datasets

We evaluate our Knowledge-Augmented Language Model Verification (KALMYV) on factual Open-
Domain Question Answering (ODQA) and Knowledge Graph Question Answering (KGQA) tasks.

Open-Domain Question Answering The goal of open-domain question answering (ODQA) task is
to generate answers to factual questions, typically with the relevant knowledge retrieved from an external
source. As the knowledge source, we use Wikipedia which is an open encyclopedia consisting of millions
of documents. For datasets, we use Natural Questions? [116] that is modified from Kwiatkowski et al.
[117] for ODQA and HotpotQA? [118], both of which are designed with Wikipedia.

Knowledge Graph Question Answering In addition to ODQA, we evaluate our KALMV method
on knowledge graph question answering (KGQA), whose goal is to answer the questions that are answer-
able by the facts over knowledge graphs. For datasets, we use WebQSP [33] that is modified from Berant
et al. [81] to filter out unanswerable questions, and Mintaka [84]. Further, for the knowledge source,
we use Wikidata which includes billions of facts that are represented as the triplet: (subject, relation,

object), and we follow the standard preprocessing setup for KGQA [119, 15].

2.2.4.2 Baselines and Our Model

We compare our KALMV against relevant baselines that augment LMs with external knowledge
and have strategies to reduce hallucinations. Note that models including verification can refrain from

providing answers if the verifier identifies errors.
Naive Language Models This baseline uses only the LMs without incorporating external knowledge.

Knowledge-Augmented LMs This baseline augments LMs with the knowledge retrieved from the
external knowledge base (Wikipedia or Wikidata).

Adaptive Retrieval This baseline [94] adaptively augments the LMs by retrieving the knowledge only
when the external knowledge is necessary. In particular, if the entity that appeared in the question is
less frequent, they retrieve the knowledge and provide it to the LMs. This model, namely Adaptive
Retrieval with Entity, is applicable to questions that have pre-annotated entities (i.e., KGQA); there-
fore, we also include its variant, namely Adaptive Retrieval with Confidence, that augments LMs

with retrieval only when the answer generation probability of naive LMs is low.

2https://huggingface.co/datasets/nq_open
Shttps://huggingface.co/datasets/hotpot__qa
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Table 2.6: Results on Natural Questions and HotpotQA for open-domain question answering and
WebQSP and Mintaka for knowledge graph question answering, with FLAN of different sizes as the LM.

Base (250M) Large (780M) XL (3B)

Datasets Methods F1 EM Acc F1 EM Acc F1 EM Acc
Naive Language Models 7.53 3.24 4.57 11.09 6.29 7.81 16.89  11.16 1294

Knowledge-Augmented LMs 18.06 12.30 15.26 18.61 13.74 16.40 19.03 14.13 16.90

Natural Questions Adaptive Retrieval w/ Confidence 16.70  11.02  14.07 18.16 13.07 15.60 20.89 15.76  18.28
w/ Wikipedia LLM-Augmenter w/ Knowledge F1 ~ 19.58  13.56  16.81  28.53 21.22 25.32 31.00 23.06 27.59
LLM-Augmenter w/ Confidence 19.91 14.14 17.19 20.19 14.97 18.29 22.88 17.17 2049
KALMV (Ours) 52.98 42.36 50.43 56.80 46.13 53.57 67.43 58.06 63.17

Naive Language Models 14.25 9.68 10.36 16.80 11.78 12.41 21.97 15.06 16.22

Knowledge-Augmented LMs 31.20 22.77 25.13 33.46 25.29 27.37 3547  27.08 29.14

HotpotQA Adaptive Retrieval w/ Confidence 26.82 19.10 21.11  26.80 19.65 21.23 2941 21.55 23.54
w/ Wikipedia LLM-Augmenter w/ Knowledge F1 ~ 32.89  23.24 2612 39.40 2855 31.60 46.97 3454  37.72
LLM-Augmenter w/ Confidence 34.75  25.67 2820 35.78  27.29  29.38 40.57 31.35 33.71
KALMYV (Ours) 64.06 52.31 55.84 63.74 52.39 55.98 67.21 54.99 58.07

Naive Language Models 32,563 21.35 25.78 40.33  30.08 32.74 46.20 36.43  40.11

Knowledge-Augmented LMs 53.57  43.25  53.68 4237  26.13  62.28 49.45 36.02  59.28

Adaptive Retrieval w/ Entity 49.13 37.79  46.32 47.81 35.68 49.32 51.99 41.54 51.16

WebQSP Adaptive Retrieval w/ Confidence ~ 46.76  36.49  43.66 48.32 3656 5198 53.17 43.32  53.89
w/ Wikidata LLM-Augmenter w/ Knowledge F1 ~ 56.42 4595 56.26 44.41 27.79 64.56 51.95 38.12 61.96
LLM-Augmenter w/ Confidence 56.62  47.33  56.36  44.35 28.79 6447 50.63 36.62  60.67
KALMYV (Ours) 74.31 63.92 77.78 54.79 45.46 82.71 67.10 50.81 83.21

Naive Language Models 16.16 8.53 10.59 20.90 12.83 14.46 26.99 19.08 21.22

Knowledge-Augmented LMs 24.28 1546  19.15  24.57 15.39  23.77  27.74 18.23 2292

i Adaptive Retrieval w/ Entity 23.66 14.68 17.87 25.96 16.45 22.92 30.34 21.36 24.20
Mmta'ka. Adaptive Retrieval w/ Confidence 21.46  13.15 16.06 25.34 16.28 22.07 29.00 20.68  23.70
w/ Wikidata LLM-Augmenter w/ Knowledge F1 =~ 27.99 1818 22.14 28.19 18.07 27.15 34.23 2277 28.05
LLM-Augmenter w/ Confidence 28.16  18.74  22.26 2846  18.88 2742 3324 2255 27.31
KALMV (Ours) 59.29 51.52 59.13 53.15 42.30 62.87 58.15 48.44 59.11

LLM-Augmenter This baseline [101] first augments LMs with knowledge retrieval, and then verifies
whether the retrieved knowledge is reflected in the generated answer with Knowledge F1 [120] that
measures overlapping terms between the knowledge and the answer. Yet, unlike our KALMV, it cannot
identify retrieval errors but also uses a heuristic metric for verification. In addition to the aforementioned
LLM-Augmenter w/ Knowledge F1, we also include the LLM-Augmenter w/ Confidence that

verifies the answer based on its generation probability.

KALMYV This is our proposed method, which not only verifies both the retrieval and generation errors

with the instruction-finetuned tailored verifier, but also iteratively rectifies errors.

2.2.4.3 Evaluation Metrics

Following the standard evaluation protocol of generative QA [94, 15], we use F1 which measures the
number of overlapping words between the generated answer and the labeled answer with precision/recall,
EM which measures whether the generated answer is exactly the same as the labeled answer, and accuracy
which measures whether the generated answer includes the labeled answer. For KGQA, following Baek

et al. [15], we further consider a set of alternative names of the labeled answers available in Wikidata.

2.2.4.4 Implementation Details

We use the same retriever across different models for fair comparisons. In particular, for ODQA, we
use BM25 [121] that considers the term-based matching, following Mallen et al. [94]. Also, for KGQA, we
use MPNet [1] that is based on the dense retrieval, following Baek et al. [15]. For the input prompt to LMs

for all baselines and our model, we follow the existing works [94, 15] which use the simple prompt, such
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Table 2.7: Results on WebQSP and Mintaka, where we use Wikipedia as the knowledge source and
report results with F1.

Datasets Methods Base Large XL
Naive Language Models 32.53 40.33 46.20
Knowledge-Augmented LMs 27.96 27.39 26.40
Adaptive Retrieval w/ Confidence 36.15 41.68 44.89

WebQSP LLM-Augmenter w/ Knowledge F1 28.35 38.14 41.21
LLM-Augmenter w/ Confidence 30.01 28.75 29.70
KALMYV (Ours) 56.70 60.63 63.75
Naive Language Models 16.16 20.90 26.99
Knowledge-Augmented LMs 27.10 26.25 28.32

. Adaptive Retrieval w/ Confidence 24.74 26.20 28.87

Mintaka LLM-Augmenter w/ Knowledge F1 29.84 40.30 43.87
LLM-Augmenter w/ Confidence 28.81 27.64 30.91
KALMYV (Ours) 65.49 66.48 70.83
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Figure 2.7: Ratios of verification types and accuracies on them with the FLAN Base as LMs.

as "Context: {Context}. Question: {Question}. Answer: ". Regarding the LMs to generate answers, we
use FLAN [46] with three different sizes: Base, Large, and XL having 250M, 780M, and 3B parameters,
respectively. In our KALMV, we use the FLAN Base as the verification LM, and we instruction-finetune
it with the batch size of 8 and the learning rate of 5e-5 with AdamW [122] as the optimizer. In addition,
we set the maximum number of error-rectifying steps in the range of {1,2, 3}, and filter out answers that
are determined to have errors by our verifier after the maximum step. Further, for the ensemble, we
use 5 different outputs, which have the probabilities of three choices (Section 2.2.3.2), from 5 different

instructions, and average probabilities to select one option for verification.

2.2.4.5 Experimental Results and Analyses

Main Results We conduct experiments on two question answering tasks: open-domain QA with
Wikipedia and knowledge graph QA with Wikidata. As shown in Table 2.6, our proposed KALMV
significantly improves the performance of knowledge-augmented LMs on all datasets across different LM
sizes by effectively verifying errors in the knowledge retrieval and answer generation steps. In addition,
for knowledge graph QA, we also validate our KALMYV on the setting where LMs are augmented with the
documents from Wikipedia in Table 2.7, on which it also outperforms baselines substantially. Note that

LLM-Augmenter, which verifies whether the generated answers are grounded in the retrieved knowledge,
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Figure 2.8: Varying the number of rectifying steps with F1, Recall, and Precision as the verifier metrics.

Table 2.8: Ensemble and sensitive analyses on three different stages of the retrieval, verification, and
generation on the Natural Questions dataset.

Verification Generation

Categories Types Acc F1 Acc F1
Ensemble Yes 78.39 55.91 50.43 52.98
No 76.45 53.37 48.40 50.68

. BM25 78.39 55.91 50.43 52.98
Retrieval Models DPR 69.53 61.53 54.72 55.68
T5 (250M) 76.23 50.00 42.33 44.63
Verification LMs FLAN (250M) 78.39 55.91 50.43 52.98
ChatGPT 65.71 43.17 33.16 36.68

TO (3B) 78.92 54.52 58.87 62.35

Generation LMs FLAN (3B) 79.11 56.76 63.17 67.43
ChatGPT 77.14 55.65 69.42 72.23

shows decent performance compared to other baselines. However, KALMV outperforms it by large
margins, which suggests the importance of verifying the retrieval error and training the separate LM

compared to using the heuristic measure to verify only the groundedness in answer generation.

Analyses on Verification To understand how the proposed verifier works, we analyze it in multiple
aspects. In the first bar of each subplot in Figure 2.7, we report the percentages of the knowledge
retrieval error, the knowledge grounding error, and the correct generation, and we can see that the most
common errors come from the incorrect knowledge retrieval, which signifies the importance of verifying
the retrieved knowledge. Also, on the remaining three bars in Figure 2.7, we report the verifier accuracy
on each class category and then observe that our KALMYV is able to detect errors in a balanced way
across different verification categories.

We also report the performance of our verifier with regards to F1, recall, and precision scores in
Figure 2.8, while varying the number of rectifying steps. In particular, precision denotes the proportion
of the correct verification out of all verification predicted as correct; meanwhile, recall evaluates the
proportion of the correctly predicted verification out of all actual correct verification. As shown in
Figure 2.8, recall and F1 scores reach their almost highest points around two to three rectifying steps,

while precision scores decrease slightly. These results suggest that, by increasing the number of rectifying
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Table 2.9: Results on transfer settings, where our KALMYV is trained on the Source dataset and tested
on the Target dataset.

Source Target Fi EM Acc
Natural Questions Natural Questions 52.98 42.36 50.43
HotpotQA Natural Questions 56.26 46.70 53.02
HotpotQA HotpotQA 64.06 52.31 55.84
Natural Questions HotpotQA 55.08 42.17 45.56
WebQSP WebQSP 74.31 63.92 77.78
Mintaka WebQSP 69.86 60.00 72.47
Mintaka Mintaka 59.29 51.52 59.13
WebQSP Mintaka 48.06 40.25 46.19

steps, the coverage of our KALMYV in delivering correct answers (i.e., recall) increases much, albeit with

a slight compromise in the proportion of correct answers delivered (i.e., precision).

Ablation & Sensitive Analyses To see how much our ensemble strategy contributes to the perfor-
mance gain, and also how sensitive the components in KALMYV are across different models, we perform
ablation and sensitive analyses on ensemble, retrieval, verification, and generation parts. First, as shown
in the first row of Table 2.8, ensemble, which forwards multiple verification instructions to the verifier and
averages their results, improves the performance of both the verification and answer generation steps.
For sensitive analyses, we first change the knowledge retriever for open-domain QA from the sparse
(BM25) to the dense (DPR) retriever [79]. As shown in Table 2.8, while the dense retriever further
brings performance improvement against the sparse retriever on most metrics, our KALMYV consistently
detects errors of knowledge-augmented LMs with high performance regardless of retrievers. Also, for
sensitive analyses on verification and generation, we further include ChatGPT [7] as a reference model
to understand the proprietary model’s performance. Regarding verification, we observe that our FLAN-
based instruction-finetuned verifier is superior to the ChatGPT [101], which suggests that customizing
the available LM to our target verification task with further training is more worthwhile than using the
general-purpose large LMs. Moreover, for generation LMs that make answers to the given questions,
large LMs obviously outperform the performance of relatively small LMs, since large LMs might be more
capable of answering questions. Note that our KALMYV can accurately identify the errors even when

coupled with ChatGPT as well as the other instruction-finetuned TO [45], confirming its versatility.

Analyses on Generalization to Unseen Data It is worthwhile noting that our KALMV can be
directly applicable to other datasets without any further training on them. To show this, we first train
the verifier of KALMV on the source data (e.g., Natural Questions) and then evaluate KALMV on the
target data (e.g., HotpotQA), with FLAN Base used as the LM for generation and verification. As
shown in Table 2.9, we observe that our KALMYV has the capacity to generalize to other data without
much performance degradation. Furthermore, for the Natural Questions dataset, the verifier trained
on the HotpotQA might be stronger than the verifier trained on the same Natural Questions, from
the observation of the KALMV’s performances on Natural Questions from models trained on each of

HopotQA and Natrual Questions datasets, which further signifies its generalization ability.
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2.2.5 Summary

In this work, we proposed Knowledge-Augmented Language Model Verification (KALMYV), which
identifies not only the relevance of the retrieved knowledge to the input query but also the faithfulness
of the reflection of knowledge in the generated answers, in order to prevent incorrect answer generations
with knowledge-augmented LMs. To this end, we developed a verifier that can detect errors in both
the knowledge retrieval and answer generation stages by instruction-finetuning LMs. Further, during
inference, we proposed to rectify errors by re-retrieving knowledge and re-generating answers if our
KALMYV detects errors, and also perform an ensemble over multiple verification outputs from different
instructions, to improve the efficacy of the verifier. We validated KALMV on QA tasks and showed its
effectiveness in reducing hallucinations. We believe that KALMV will bring substantial practical impact

in improving the reliability of LM-based systems, especially since it is a plug-and-play module.

2.2.6 Extension: Streaming Verification for Efficiency

While the aforementioned verification method (called KALMV) demonstrates that a separate verifier
can effectively detect retrieval and generation errors in knowledge-augmented language models, it still
operates in a post-hoc manner: the verifier examines the LLM output only after the entire response has
been fully generated. However, this design introduces unnecessary latency and allows early-generation
errors to propagate unchecked through the remainder of the output. To overcome these limitations,
we extend KALMYV, introducing a real-time verification and refinement mechanism that verifies and
corrects tokens during generation rather than after it, called Streaming Verification and Refinement
(Streaming-VR) [20]. Specifically, instead of waiting for the full output sequence, a separate (lightweight)
model continuously monitors intermediate tokens, identifying factual errors and triggering immediate
refinements when necessary (effectively interrupting error cascades before they spread). We then validate
that this streaming formulation significantly improves efficiency by eliminating the need to regenerate
full responses and by preventing error cascades early in the sequence, while also enhancing factual
reliability across datasets. Ultimately, Streaming-VR advances the core objective of reliable generation
by demonstrating that factuality can be preserved not only through what is verified, but also when it is

verified, enabling a more efficient, real-time verification pipeline in practice.
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2.3 Multimodal Language Model Contextualization for Videos

2.3.1 Motivation

(A) Textual RAG

Retrieve
[Query: After crossing the wide end, what’s next in tying a tie?

)

Necktie

A necktie, or simply a tie, is a piece of cloth worn for decorative purposes around the
neck, resting under the shirt collar and knotted at the throat, and often draped down

@ Answer: The neckie spread from Europe traces back to Croatian ; » j
mercenaries serving in France during the Thirty Years' War. N

e —— i L1 L2
(B) Conventional Image-Text RAG .
Retrieve
[Query: After crossing the wide end, what’s next in tying a tie? =
Necktie 5

A necktie, or simply a tie, is a piece of cloth worn for decorative purposes around the
neck, resting under the shirt collar and knotted at the throat, and often draped down
Answer: Neckties are traditionally worn with the top shirt button

fastened, and the tie knot resting between the collar points.

Generate
(C) VideoRAG (Ours) Retrieve
[Query: After crossing the wide end, what’s next in tying a tie? ]

0:30~1:00 Bring the wide end across the
\/ narrow end, making sure it lays flat and

ﬁ untwisted.
1:00~1:30 Then, loop the wide end behind

). ‘1 a the narrow end and bring it back to

‘ @ Answer: Wrap the wide end behind the narrow end, bringing it back @

to the front on the opposite side. Generate

Figure 2.9: Illustration of the existing and the proposed RAG scenarios. (A) Textual RAG retrieves
documents (relevant to queries) from a text corpus and incorporates them when generating answers. (B)
Conventional image-text multimodal RAG extends retrieval to include static images. (C) VideoRAG
(ours) further extends the external knowledge source to videos.

Recently, large foundation models, such as large language models and their extension to the vision
modality called large vision-language models, have become the standard for addressing diverse tasks due
to their remarkable capabilities [123, 124, 13, 125]. In particular, these models, trained on extensive
textual and multimodal corpora, encode vast amounts of knowledge within their large-scale parameters.
However, they are still prone to generating factually incorrect outputs, as their parametric knowledge
can be inaccurate or outdated [50, 126]. This limitation highlights the need for incorporating knowledge
from external knowledge sources, with Retrieval-Augmented Generation (RAG) emerging as an essential
mitigator for it. Specifically, RAG typically operates by retrieving query-relevant information and then
generating answers grounded in the retrieved content [127, 128].

However, while existing RAG approaches have been widely adopted for various real-world applica-
tions, they have primarily focused on retrieving and incorporating textual content [126, 16], with only
recent attempts beginning to explore images (or text-image pairs) as the additional source of external

knowledge [129, 130]. On the other hand, we argue that there remains a rapidly expanding yet underuti-
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lized medium, called videos, which provides unparalleled multimodal richness and might be a compelling
resource for augmenting the knowledge landscape of current RAG systems. Specifically, videos combine
temporal dynamics, spatial details, and multimodal cues, which collectively enable them to capture com-
plex processes, context-dependent interactions, and non-verbal signals that static modalities (e.g., text
and images) often fail to convey. Moreover, given the increasing popularity of video-sharing platforms
(such as YouTube), the availability of diverse, high-quality video data has grown, ranging from educa-
tional tutorials and scientific demonstrations to personal experiences and real-time events, all of which
may be useful when formulating responses to user queries.

A few recent studies have started considering video content to handle user queries; however, they
have limitations. For instance, some assume that videos relevant to queries are already known and
instead focus on identifying query-relevant frames within that specified video [131, 132]. While effective
in scenarios where the relevant video is explicitly provided, it is suboptimal for more general-use cases,
where users expect systems to dynamically identify and retrieve videos to provide answers. On the other
hand, other studies handle videos by converting them into textual formats, such as subtitles, and utilizing
these textual representations under off-the-shelf text-based RAG pipelines [133, 134]. However, while this
text-only strategy may offer a convenient workaround, it inherently sacrifices the multimodal richness of
video data by discarding critical information, such as temporal dynamics captured in the visual context,
during the conversion process. For example, consider a query: “How does the expression of the dog
change when it is angry?”. While textual transcriptions might describe the dog’s barking or growling,
they fail to capture visual cues (baring teeth, raised hackles, or narrowed eyes), which are needed for
accurately interpreting the emotional state of the dog and subsequently formulating the answer.

To address the aforementioned limitations, we introduce a novel framework, called VideoRAG, which
aims to offer another fruitful angle to existing RAG frameworks by enabling a more comprehensive
utilization of video content for its holistic retrieval and incorporation (See Figure 2.9). Specifically, in
response to queries, the proposed VideoRAG retrieves relevant videos from a large video corpus but also
integrates both visual and textual elements into the answer-generation process. Also, we operationalize
this by harnessing the advanced capabilities of recent Large Video Language Models (LVLMs), which
are capable of directly processing video content, consisting of visual and textual information, within the
unified framework, thereby more effectively capturing its multimodal richness.

However, there exist a couple of remaining challenges in integrating videos into RAG frameworks.
First, videos are inherently long and redundant, oftentimes making it infeasible for LVLMSs to process
all frames due to their limited context capacity as well as unnecessary since not all frames contribute
meaningfully for retrieval and generation. To address this, we introduce a frame selection model that
is trained to extract the most informative subset of frames to maximize retrieval and generation per-
formance. Also, we observe that, while the joint utilization of visual and textual features is needed for
the effective representation of videos and subsequently their retrieval, the textual descriptions of videos
(e.g., subtitles) are oftentimes not available. To tackle this, we further present a simple yet effective
mitigation strategy that utilizes automatic speech recognition techniques to generate textual transcripts
from videos, allowing us to leverage both visual and textual modalities for every video.

To validate the effectiveness of VideoRAG, we conduct experiments by using overlapping queries
from the WikiHowQA dataset [135] (consisting of query-answer pairs) and the HowTol00M dataset [136]
(including query-video pairs without answers). Also, based on this, we automatically collect the dataset
for RAG over videos and then evaluate models on it. Then, the experimental results show the significant

performance gains of VideoRAG over baselines, demonstrating the efficacy of leveraging videos for RAG.
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2.3.2 Related Work

Retrieval-Augmented Generation RAG is a strategy that combines retrieval and generation pro-
cesses to produce accurate answers by grounding them in external knowledge [126, 137]. To be specific,
during the retrieval step, documents (relevant to queries) are selected from a large corpus by calculating
their similarity to the query, which can be done with retrievers [121, 138, 79, 139]. In the generation
step, these retrieved documents serve as input for generating answers that are rooted in the provided
information [97, 140, 141, 142], with some advancements using iterative retrieval-generation cycles [143]
or adapting different RAG strategies based on query complexity [16]. However, despite the fact that
much of the real-world knowledge is inherently multimodal in nature [144, 145, 146], the majority of
RAG studies have focused on the textual modality, with little effort on incorporating images, leaving a

significant gap in leveraging the full spectrum of available knowledge for the holistic operation of RAG.

Multimodal RAG There has been growing interest in expanding RAG to incorporate multimodal in-
formation (beyond text), such as images [147, 148, 130, 129], code [149], tables [150, 151], and audio [152].
However, unlike them, videos offer a unique and orthogonal advantage for RAG, as they encapsulate tem-
poral dynamics, spatial details, and multimodal cues in ways unmatched by other modalities. Inspired
by this fact, very recent studies have started exploring the usage of video content within RAG pipelines;
however, existing approaches leverage it in a suboptimal way. To be specific, some focus on extracting
query-relevant frames from the preselected video and generating answers based on them, which, while
useful in controlled scenarios, limits their real-world applicability in open-domain settings [131, 132].
Also, some other studies attempt to sidestep the complexity of handling video data by converting it
into textual representations (such as subtitles or captions); however, while directly applicable to existing
text-based RAG frameworks, they sacrifice the multimodal richness embedded within videos (such as
temporal dynamics and spatial patterns) [133, 134, 132]. To address these, we propose VideoRAG, which
is capable of dynamically retrieving and holistically utilizing video content in RAG, powered by LVLMs.

Large Video Language Models Building on the remarkable success of LLMs [123, 10, 12, 153,
154], there has been a growing interest in extending them to encompass diverse modalities, such as
images [155, 156, 157] and code [158, 159]. Additionally, this expansion has recently extended to another
modality called video, leading to the emergence of LVLMs that are capable of directly processing video
content. They excel in solving traditionally challenging (yet straightforward) tasks, such as object or
action detection, and their capabilities have rapidly advanced to tackle more challenging tasks, such
as analyzing spatio-temporal dynamics to predict event sequences, inferring causal relationships, and
generating context-aware descriptions of intricate scenarios [160, 161, 162, 163, 164, 165, 166], even in
zero-shot settings [167, 168]. However, their potential has yet to be explored in the context of RAG;
thus, in this work, we aim to bridge this gap with VideoRAG.

2.3.3 Approach

We present VideoRAG that retrieves query-relevant videos and generates answers grounded in them.

2.3.3.1 Preliminaries

We begin with describing RAG and LVLMs.
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[Query: After mashing ingredients for a homemade prison beer, what is the next step? ]
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Answer: After mashing the ingredients, the mixture should be sealed in a plastic bag
and kept in a warm place to allow fermentation to occur over a few days.

Figure 2.10: Overview of the VideoRAG pipeline, which selects key frames for retrieval and generation.

Retrieval-Augmented Generation RAG aims to enhance the capabilities of foundation models by
grounding their outputs in external knowledge retrieved from the external knowledge source, such as
Wikipedia, which consists of two main components: retrieval and generation modules. Formally, given a
query q, RAG retrieves a set of documents (or knowledge elements) I = {k1, ks, ..., ki } from an external
corpus C (K < C) based on their relevance with g using a retrieval module, which can be formalized
as follows: K = Retriever(q,C). Here, the query g and knowledge k are represented as a sequence
of tokens q = [q1,¢2,...,¢;] and k = [k1,ks,...,k;]. Also, during retrieval, the relevance between the
query and each knowledge element within the corpus is determined by the scoring function, defined as
follows: Sim(q, k), which typically measures their representational similarity over the embedding space.
In the subsequent generation step, the retrieved knowledge elements are then used as additional input
to the generation module, to augment the query to produce an answer y, as follows: y = Model(q, K),
where Model is typically implemented as the foundation model, such as LLMs. We note that, unlike
existing RAG that focuses mainly on retrieving and incorporating textual content (or, in some recent

cases, extra static images), we explore the extension toward videos.

Large Video Language Models On top of the extensive language understanding capabilities of
LLMs, LVLMs are designed to handle and incorporate the features from video content, including tempo-
ral, spatial, and multimodal information, within the unified token processing framework. Formally, let
us denote a video V' as a sequence of visual frames: V' = [vy, v, ...,v,] and its associated textual data
(such as subtitles, or any other textual information such as the video-specific query) t as a sequence of
tokens: t = [t1,t2,...,t;,]. Then, the typical LVLM, denoted as LVLM, enables the joint processing of
these multimodal inputs by employing two specialized components: a vision encoder and a text encoder.
Specifically, the vision encoder processes the sequence of video frames V' (which can span multiple videos),
resulting in a sequence of visual feature embeddings (or visual tokens): Fyisya1 = VisionEncoder(V).
Concurrently, the text encoder processes the given textual information ¢ to generate corresponding feature
embeddings: Fieyt = TextEncoder(t). Then, the overall process to obtain the video representation (with
the goal of capturing both visual and textual features) can be denoted as follows: fyigeo = LVLM(V,¢).
Traditionally, fyigeo i Obtained by the simple interpolation of the visual and textual representations:
Suideo = @ Fyext + (1 — @) « Fyigua1 [169], and it can be done by further jointly processing the visual and
textual embeddings through several LVLM layers (that sit on top of existing LLMs) [170], which allows

the model to learn a more effective representation and continue generating the next sequence of tokens.

2.3.3.2 VideoRAG

We now turn to introduce our VideoRAG, which extends the existing RAG paradigm by leveraging

the video corpus as the external knowledge source, illustrated in Figure 2.10.
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Video Retrieval The initial step to operationalize RAG over the video corpus is to implement video
retrieval, whose goal is to identify query-relevant videos V = {V;,V4,..., Vi } from the corpus C, con-
sisting of a large number of videos, as follows: V = Retriever(q,C). Recall that this retrieval process
involves calculating the similarity between the query q and each knowledge element (which is video V') to
determine their relevance. To achieve this, we first forward the video V' (composed of image frames and,
if available, subtitles) as well as the query g (without visual information) into LVLM, to obtain their rep-
resentations fquery and fyigeo- After that, the relevance is computed based on their representation-level

similarity (via cosine similarity), and the top-k videos with the highest similarity scores are retrieved.

Video-Augmented Response Generation After the retrieval of query-relevant videos is done, the
next step is to incorporate the retrieved videos into the answer generation process, to formulate the
answer grounded in them. To operationalize this, we first concatenate frames of each retrieved video
with its associated textual data (e.g., subtitles), then concatenate these multimodal pairs across all
videos retrieved, and lastly append the user query, as follows: [Vi,t1,..., Vi, tg,q]. Then, this input
is forwarded into LVLM, which enables the joint processing of the combined visual, textual, and query-

specific information, to generate the response while capturing their multimodal richness and dynamics.

2.3.3.3 Frame Selection for VideoRAG

Unlike conventional RAG with text or images, incorporating videos into RAG presents an additional
challenge: some videos contain a large number of visual frames, making it inefficient to process them
all (and sometimes impractical due to the limited context size of LVLMs). As a simple workaround, a
common approach is to uniformly sample frames; however, this method risks discarding key information

while retaining redundant or irrelevant frames, leading to suboptimal retrieval and response generation.

Adaptive Frame Selection To overcome these limitations, we introduce an adaptive frame selection
strategy, whose goal is to extract the most informative and computationally feasible subset of frames. Let
Comb(-) represent a selection function that randomly samples a subset of m frames from total n frames
within the video based on the combination, and let f(-) be a function that evaluates and assigns a rele-
vance score to these selected frames. Then, during retrieval, the frame selection operation for the video
V is as follows: V = arg MaxXyecomv(V,m) J(V'), which is extended to V =arg maxvyecoms(v,m) f (V'5 q)
for generation, where V is the optimal subset. The distinction between retrieval and generation arises
because retrieval operates over a large video corpus C, making exhaustive query-based processing in-
feasible, whereas in generation, the top-k retrieved videos allow for query-guided frame selection (i.e.,

enabling the use of different frames for different queries even if the retrieved video is the same).

Frame Space Reduction with Clustering Wohile the adaptive frame selection strategy enables the
use of the most effective subset of frames for RAG, the combinatorial space of possible frame subsets
(obtained from Comb) remains prohibitively large. For instance, selecting 32 frames from a video of

0% possible combinations, making exhaustive search impossible. To

1000 frames results in more than 1
address this, we reduce the frame selection space by extracting representative samples via k-means++
clustering. Specifically, we cluster all frames into k groups and, from each of the k clusters, we select
the frame closest to its centroid. After that, we constrain the frame selection process to operate within

this reduced set; for example, with k& = 64, the search space is drastically reduced to 4Css from 1909Csa2,
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making it computationally feasible while preserving the diversity of selected frames?.

Operationalizing Frame Selection Notably, the design of f to score the selected frame is flexible,
allowing us to use any models capable of processing visual features (and textual features particularly for
generation), such as CLIP [171]. Also, we collect examples for training f, by performing retrieval and
generation with randomly selected frames (from possible combinations), and labeling them as true or

false based on their success, from which we use the conventional loss (e.g., cross-entropy) for optimization.

2.3.3.4 Auxiliary Text Generation

In both the retrieval and generation steps, the inclusion of video-associated textual data, such as
subtitles, can play a crucial role in enhancing video representation since it provides additional context and
semantic cues that complement the visual content. However, not every video in the corpus comes with
subtitles since they require additional annotations. Therefore, for such videos, we propose generating
auxiliary textual data by extracting audio from the video and converting it into text using off-the-shelf
automatic speech recognition techniques. Formally, given a video V', this process can be formalized
as follows: t.,x = AudioToText(Audio(v)), where Audio(V') extracts the audio track from the video,
and AudioToText converts the extracted audio signal into textual content. Therefore, for those videos

without subtitles, auxiliary text t.,x can be used in place of ¢ in both the retrieval and generation steps.

2.3.4 Experiments

We first describe the experimental setup and results.

2.3.4.1 Datasets

We evaluate VideoRAG in question answering tasks, following the convention for validating RAG
approaches [140, 16]. First of all, we use WikiHowQA [135], which offers a wide range of instructional
questions extracted from the WikiHow webpage®, with human-written, high-quality ground truths. Also,
for the video corpus, we utilize HowTol00M [136], a comprehensive collection of instruction videos sourced
from YouTube, further associated with queries from WikiHow based on their search results. In addition,

for a comprehensive evaluation, we automatically generate query-answer pairs over HowTol00M.

2.3.4.2 Baselines and Our Model

We compare VideoRAG against four different baselines, as follows:

1. Naive — which generates answers from queries without additional context;

2. TextRAG (BM25) — which is a text-based RAG model, retrieving documents (from Wikipedia)
based on their relevance with queries through BM25 [121] and generating answers grounded in them;

3. TextRAG (DPR) — which is a text-based RAG similar to TextRAG (BM25) but performs retrieval
with a dense embedding-based retrieval method, namely DPR [79];

4. TextImageRAG — which follows conventional text-image multimodal RAG approaches [147, 172],

retrieving a pair of query-relevant textual document and image, and utilizing them for generation;

4In inference, evaluating all possible combinations from this reduced set might still be computationally expensive; thus,
we further perform random sampling over them.
Shttps://www.wikihow.com/Main-Page
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Table 2.10: Overall RAG results across four metrics. The best results are highlighted in bold, and the
second-best results are highlighted with underline. Note that the Oracle setting (that uses ideal retrieval
results) is not comparable to others.

WikiHowQA with HowTol100M Synthetic QA with HowTol100M
Methods ROUGE-L BLEU-4 BERTScore G-Eval ROUGE-L BLEU-4 BERTScore G-Eval
. Naive 14.08 1.352 83.43 1.579 10.68 1.574 84.51 1.634
E TextRAG (BM25) 17.22 2.327 84.66 1.633 14.70 2.382 86.03 1.681
— TextRAG (DPR) 16.65 2.173 84.61 1.591 14.58 2.397 85.85 1.686
9 TextImageRAG 22.43 4.222 86.88 2.022 25.19 6.149 88.56 2.175
E TextVideoRAG 22.81 4.388 86.97 1.979 23.41 5.435 88.40 2.278
<"1 VideoRAG-V 24.95 5.080 87.85 2.140 29.38 7.530 89.77 2.479
% VideoRAG-VT 24.93 5.276 87.92 2.142 29.74 8.043 89.72 2.476
j Oracle-V 26.19 5.480 88.41 2.225 32.16 8.769 90.34 2.884
Oracle-VT 25.37 5.237 87.95 2.166 32.31 8.885 90.46 2.938
Naive 16.54 1.859 84.30 1.720 12.60 2.381 85.12 1.725
a TextRAG (BM25) 17.41 2.275 84.89 1.552 26.66 6.760 88.48 1.938
) TextRAG (DPR) 17.21 2.077 84.84 1.563 26.72 6.579 88.56 1.917
w TextlmageRAG 22.39 3.917 86.91 1.904 27.65 7.187 88.99 2.176
»Si TextVideoRAG 19.88 3.199 85.81 1.686 26.36 6.542 88.68 1.983
>:: VideoRAG-V 25.11 4.243 88.15 1.863 33.68 9.454 90.29 2.452
5 VideoRAG-VT 23.75 4.271 87.42 1.906 32.90 9.572 90.14 2.427
o LT L e e T e T L T L T
S Oracle-V 25.59 4.318 88.29 1.958 35.21 10.57 90.70 2.813
Oracle-VT 24.60 4.421 87.70 2.002 34.99 10.69 90.68 2.820
Naive 17.96 2.077 84.97 1.765 15.05 2.729 86.13 1.843
o TextRAG (BM25) 19.65 2.989 85.41 1.721 19.70 3.911 86.88 1.877
® TextRAG (DPR) 19.45 2.863 85.38 1.708 19.04 3.903 86.77 1.831
o TextImageRAG 20.66 3.327 85.80 1.838 20.36 4.298 87.11 1.931
>I TextVideoRAG 22.18 4.180 86.56 1.821 24.29 5.722 88.37 2.156
2 VideoRAG-V 23.24 3.963 87.13 1.899 26.28 5.998 88.97 2.258
g VideoRAG-VT 23.22 4.531 87.00 1.876 27.54 7.279 89.11 2.274
E Oracle-V 21.53 3.156 86.05 1.912 26.82 6.683 88.96 2.515
Oracle-VT 24.37 4.811 87.43 1.994 29.76 7.721 89.56 2.566

5. TextVideoRAG — which follows the previous video-based RAG methods [133, 134], which first
represent videos as their textual descriptions (e.g., captions or transcripts) and utilize only those
textual information in retrieval and generation;

6. VideoRAG — which is our model having two variants: VideoRAG-V that exclusively utilizes video
frames as context to provide visual grounding for generation, and VideoRAG-VT that jointly utilizes

video frames and textual transcripts.

To estimate the room for performance gains, we include an oracle version of VideoRAG, which uses the

ground-truth video pre-associated with the query labeled in HowTol00M, instead of retrieval outcomes.

2.3.4.3 Evaluation Metrics

We use the following metrics: 1) ROUGE-L measures the longest common subsequence between
the generated answer and the ground truth [173]; 2) BLEU-4 calculates the overlap of n-grams (up to
4) between the generated and reference answers [174]; 3) BERTScore measures the semantic alignment
between the generated and reference answers [175] by extracting their embeddings from BERT [26] and
calculating their similarity; 4) G-Eval utilizes the evaluation abilities of LLMs [176], where we prompt

the GPT-40-mini to rate the generated answer in comparison to the reference on a 5-point Likert scale.
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Visual 0.054 0.193 0.288 Figure 2.11: Visualization of Figure 2.12: Impact of vary-
Textual 0.088 0.302 0.388 latent space of features across ing the interpolation ratio between
modalities with Principal Com- textual and visual features on the
ponent Analysis (PCA). video retrieval performance.

Ensemble 0.103 0.311 0.442

2.3.4.4 Implementation Details

We consider multiple LVLMs: LLaVA-Video of 7B, InternVL 2.5 of 8B, and Qwen-2.5-VL of 3B
parameters for generation [170, 177, 14], alongside InternVideo2 [178] for retrieval. For efficiency, we use
4 frames per video for retrieval, while we use 32 frames (or all frames if the video is shorter than 32

seconds, sampled at 1 fps) for generation. In auxiliary text generation, we use Whisper [179].

2.3.4.5 Experimental Results and Analyses

We now present results and various analyses.

Main Results We provide the main results in Table 2.10, showing the performance of different models
with varying types of retrieved knowledge. First, all RAG models outperform the Naive baseline, reaf-
firming the critical role of external knowledge in enhancing the factual accuracy of generated responses.
Also, among these, our VideoRAG achieves the best performance, significantly surpassing conventional
textual, text-image, or text-video RAG baselines. This improvement supports our hypothesis that video
content is a useful resource for RAG since it provides richer and more detailed information than other
modalities. Lastly, the smaller performance gap between VideoRAG-V and VideoRAG-VT suggests that
much of the necessary information required for answer generation is effectively encapsulated within visual

features of videos, which inherently include information conveyed through textual descriptions.

Impact of Video Retrieval We hypothesize that the quality of the retrieved videos is a critical
factor in the success of RAG, as it can directly influence the subsequent answer generation process. To
confirm this, we compare the performance of our VideoRAG with retrieved videos against the one with
the Oracle setting (which represents an ideal scenario with perfectly relevant video retrieval). Then,
Table 2.10 shows that the Oracle setting achieves the highest performance, highlighting the potential for

further improvements through advancements in video retrieval mechanisms within our VideoRAG.

Efficacy of Textual and Visual Features When performing video retrieval, it is questionable how
much different modalities, such as textual, visual, or a combination of both, contribute to video repre-
sentations, and we report the results in Table 2.11. We find that textual features consistently outperform
visual features, likely due to their stronger semantic alignment with textual user queries. To further ex-
amine this, we visualize the embeddings of textual and visual features of video content as well as queries
over the latent space in Figure 2.11, and it clearly reveals closer proximity between textual query em-

beddings and textual video representations compared to visual video representations. This is likely due
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Figure 2.13: Results of varying the Figure 2.14: Breakdown performance of different methods across
sizes of the InternVL model. 10 categories with ROUGE-L as an evaluation metric.

to a modality gap that visual features exhibit relative to text-based queries, resulting in suboptimal re-
trieval performance. Nevertheless, combining textual and visual features achieves the best performance,

demonstrating the complementary nature of those two modalities in video representations for retrieval.

Analysis on Feature Ensemble To better understand the contribution of textual and visual fea-
tures in video retrieval, we analyze how varying their combination ratio («) impacts performance across
different metrics. As shown in Figure 2.12, the optimal ratio for balancing textual and visual features is
around 0.5 to 0.7 (with marginal variations depending on metrics). These results further highlight the
complementary contributions of textual and visual features in video representations for retrieval, while

a slight emphasis on textual features might be preferable due to the modality gap (Figure 2.11).

Effectiveness of Frame Selection We analyze Table 2.12: Performance comparison of uniform
sampling and our frame selection approach on re-

the efficacy of our adaptive frame selection, compar-
trieval and generation tasks.

ing it against uniform sampling in retrieval and gen-

eration. Table 2.12 shows that our strategy outper- Retrieval R@1 R@5 R@10
forms uniform sampling in both tasks, demonstrating  Uniform 0.054 0.193 0.988
its ability to select more useful frames. f Adaptive (Ours)  0.079 0.249 0.367

j Uniform 0007 0305 04d8
Analysis with Varying Model Sizes To see if = Adaptive (Ours)  0.118 0.324 0.453
VideoRAG can be instantiated with varying sizes of Generation ROUGE-L BLEU-4 BERTScore
LVLMs, we report its performance with different In- Uniform 21.04 3.249 86.07
ternVL2.5 sizes in Figure 2.13. Then, the perfor- Adaptive (Ours)  23.24 3.963 87.13

mance of VideoRAG improves as the model size in-
creases (thanks to the superior capability of video understanding in larger models), demonstrating the

scalability of our VideoRAG and further suggesting its potential benefit with even larger LVLMs.

Category-Wise Performance Analysis To evaluate the robustness of VideoRAG across diverse
query types, we break down the performance on 10 categories (annotated within WikiHow). As shown
in Figure 2.14, VideoRAG-VT outperforms all baselines across all categories (except for one), which
highlights its ability to handle a variety of queries. Also, VideoRAG-VT shows notable performance
gain in a Food & Entertaining category, and this is particularly reasonable given that questions in this
category often benefit from visual details; for example, the query: “How to make a healthy spinach and
garlic dish” requires ingredient preparation or cooking techniques, which are not effectively conveyed

through text alone. Thus, this result reaffirms the importance of leveraging video content for RAG.
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Table 2.13: Ablation studies on modalities. For TextRAG, we use BM25 to retrieve textual documents.

Methods Document Video Subtitle ROUGE-L G-Eval
Naive X X X 14.08 1.579
TextRAG (BM25) O X X 17.22 1.633
TextVideoRAG X X O 22.44 2.001
VideoRAG-VT X O O 25.23 2.104
VideoRAG-VT + TextRAG O O O 24.35 2.048

Ablation Studies To analyze how performance varies with different knowledge sources, we conduct
ablation studies and present results in Table 2.13. From this, we observe that, while incorporating
external knowledge (whether from textual encyclopedic sources or video corpus) consistently improves
performance over the Naive baseline, the approach that jointly uses videos with general textual docu-
ments achieves slightly degraded performance. This suggests that textual content (retrieved from the
encyclopedic knowledge base) may introduce redundant or irrelevant details, which may overlap with or

contradict the information provided by video content, leading to a diminishing effectiveness of VideoRAG.

Human Evaluation To complete automatic metrics, Table 2.14: Human evaluation results. The
results are evaluated with the subset of Wiki-

we conduct a human evaluation. Specifically, we recruit
HowQA over the HowTo100M corpus.

12 evaluators and split (randomly sampled) 50 queries

into two sets of 25, assigning each participant to assess Methods Human G-Eval

one (including responses from four baselines and our
model) with a 5-point Likert scale. The results, pre- Naive 1.833 1.684
sented in Table 2.14, show that our VideoRAG achieves TextRAG (DPR) 1.867 L7

’ TextImageRAG 2.447 2.203
the highest performance in human evaluation. Further, TextVideoRAG 3130 9 979

to validate the quality and reliability of human evalua- VideoRAG-VT 4.043 3.689

tion, we measure an inter-annotator agreement among
annotators who evaluate the same subset, by using Spearman’s correlation coefficient between the ranked
scores of different annotators. Then, we obtain a coefficient of 0.632, confirming the high reliability of
our assessments. Similarly, we measure the agreement between human- and model-based (G-Eval) eval-

uations and obtain a coefficient of 0.588, indicating that G-Eval is a reasonable proxy for judgment.

Case Study Lastly, we provide a case-study example, with the query: “Fxplain how to bake cookies
on your car dashboard”. As shown in Table 2.15, the Naive baseline, relying solely on its parametric
knowledge, generates a generic response highlighting the impracticality and safety concerns of such a
method, failing to provide the step-by-step instructions necessary to address the query. This example
indicates the limitation of parametric knowledge that is inadequate, especially when specific and uncom-
mon information is required. In contrast, VideoRAG-V retrieves the relevant video that illustrates the
process of baking cookies on a car dashboard, and, by leveraging this, it successfully generates a response
similar to the ground truth. This highlights how VideoRAG utilizes external video content to produce

more precise, contextually rich, and actionable answers.
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Table 2.15: Case study comparing Naive and VideoRAG-V approaches.

Naive

Question Explain how to bake cookies on your car dashboard.

Generated Answer ['m sorry, but it’s not possible to bake cookies on your car dashboard. The dashboard is not designed
for cooking and it’s not safe to use it as a heat source. Additionally, the fumes from baking could be
harmful to you and the car’s interior.

Baking requires a controlled environment with a consistent temperature, which is difficult to
achieve in a car. Moreover, the dashboard is made of materials that can easily catch fire or release
toxic fumes when exposed to high temperatures.

If you want to bake cookies, it’s best to do so in a safe and controlled environment, such as a
kitchen or an outdoor grill. Just remember to always follow proper safety precautions and guidelines
when cooking.

VideoRAG-V

Question Explain how to bake cookies on your car dashboard.

Retrieved Video

EEEEEEEEEEEEEEEEEEEEEEETR
[ ——

A0
INostick €ooking spray. |
Cookle sheet:
Cookie dough

B o ACHAERS

e

Make sureit'siat
least 95° Fahrenheit:

Generated Answer To bake cookies on your car dashboard, you’ll need a nonstick cooking spray, a cookie sheet, cookie
dough, a spatula, and a thermometer. First, spray the cookie sheet with nonstick cooking spray. Then,
place the cookie dough onto the sprayed sheet. Cover it with plastic wrap and let it rest. Next, place
the cookie sheet in the car’s dashboard, ensuring it’s at least 95 degrees Fahrenheit. Set the car in a
sunny spot to bake the cookies. After baking, use a spatula to remove the cookies from the dashboard.

Ground Truth To bake cookies on your car dashboard, you’ll need to be parked in a sunny spot on a day when it’s at
least 95 degrees Fahrenheit out. First, spread cookie dough out on a baking sheet lined with parchment
paper. Then, set the baking sheet on your car dashboard, and shut all of the doors. Finally, check on
the cookies every 15-30 minutes until the edges of the cookies are firm and you're able to slide them off
the parchment paper.

2.3.5 Summary

We presented VideoRAG, a framework that expands the current landscape of RAG by leveraging a
video corpus as the external knowledge source. Specifically, unlike existing works that use the textual
representations of videos or assume the existence of query-relevant videos without retrieval, the proposed
VideoRAG retrieves videos based on their relevance to queries but also integrates their multimodal
richness (including visual and textual elements) into the RAG pipeline, with adaptive frame selection to
leverage only the most informative subset of full frames for effectiveness and efficiency. Also, through
comprehensive analyses, we demonstrated how the inclusion of visual or textual features, or a combination
of both, improves retrieval and generation performance, and, inspired by the critical role of textual
features (for retrieval quality) but their absence in some videos, we presented a simple yet effective
mitigator that uses automatic speech recognition to generate textual transcripts. Overall, experimental
results validated the superiority of our VideoRAG over existing RAG methods, and we believe it makes

a significant step toward holistic RAG systems that can utilize videos.
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2.3.6 Extension: Universal Model Contextualization

While the preceding contextualization approaches focus on augmenting models with external knowl-
edge retrieved (and further verified) within a single modality, they remain constrained by the assumption
that all queries can be resolved from a homogeneous corpus. However, real-world queries span a wide spec-
trum of knowledge types, often requiring textual descriptions, fine-grained visual cues, temporal video
evidence, or even multiple granularities of information within the same modality, which cannot be fully
addressed by a single corpus. To tackle this, we extend model contextualization to a universal setting,
enabling models to dynamically retrieve and integrate knowledge from heterogeneous corpora that differ
in both modality and granularity, called UniversalRAG [18]. Specifically, instead of collapsing all modali-
ties into a unified embedding space (which induces modality gaps and biases retrieval toward sources that
resemble the query), we introduce a modality- and granularity-aware routing mechanism that first iden-
tifies the most suitable corpus for a given query and then performs targeted retrieval within the selected
source. Experimentally, through evaluations across multi-modal and multi-granularity benchmarks, we
validate that universal contextualization substantially improves grounding quality over modality-specific
and unified baselines. We believe this extension advances the core thesis that contextualization should
adapt not only to what the model needs and when it is needed, but also to where the relevant knowledge

resides, enabling retrieval-augmented models to operate over heterogeneous knowledge bases.
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Chapter 3. Universal Knowledge
Retrieval for Contextualization

3.1 Multimodal Document Representation & Retrieval

3.1.1 Motivation
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Figure 3.1: Comparison of different information retrieval approaches. (a): Conventional methods use a
small portion of the text within the document for its representation. (b): Recent methods use first-page
screenshot images to represent the document. (c): Our approach leverages the full contextual information
within documents interleaved with multiple modalities by considering them in their original format, and
is further capable of pinpointing relevant sections for the query.

Information Retrieval (IR) is the task of fetching relevant documents from a large corpus in response
to a query, which plays a critical role in various real-world applications including web search engines
and question-answering systems [180, 181, 182]. Over the years, IR methods have evolved significantly,
broadly categorized into sparse and dense retrieval paradigms. Specifically, sparse retrieval methods [183,
138] focus on lexical overlap between queries and documents; meanwhile, dense retrieval methods [184,
185] utilize neural embeddings to represent queries and documents in a continuous vector space. Note
that, recently, dense retrieval methods have gained more popularity over sparse methods due to their
capability to capture semantic nuances and context beyond simple keyword matching.

Despite their successes, existing (dense) retrieval methods face a couple of severe challenges. First,
they primarily rely on the textual data for document embedding and retrieval, overlooking the fact that
modern documents often contain multimodal content, including images and tables (beyond the plain
text), which can carry information that may be essential for accurately understanding and retrieving
the relevant documents [186]. For instance, a diagram within a medical article can more effectively
represent the structure of a molecule or the progression of a disease, offering more clarity that would
be difficult to achieve with text alone, and omitting such multimodal content can lead to an incomplete
understanding (and potentially inaccurate retrieval) of the documents. Also, the segmentation of long
documents into discrete passages, which is commonly employed by existing retrieval models to handle

the length limitation for embeddings [184, 185], may prevent models from capturing the full context and
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the intricate relationships between different parts of the document, ultimately leading to suboptimal
retrieval performance [187, 188]. Notably, concurrent to our work, while there has been recent work that
screen captures the document and then embed its screenshots (to consider different modalities in a unified
format) [189, 190], not only its content (such as paragraphs, images, and tables) can be fragmented into
different sub-images, leading to the loss of contextual coherence across the entire document, but also the
visual representation of text may hinder the model’s ability to capture the semantic relationships present
in the original textual data, and increasing image resolution raises concerns on memory requirements.
To tackle these challenges, we introduce a novel approach to holistically represent documents for
IR, representing and retrieving documents interleaved with multiple modalities in a unified manner
(illustrated in Figure 3.1). Specifically, it revolves around the recent advance of Vision-Language Models
(VLMs), which enable the processing and integration of multimodal content (such as text, images, and
tables) directly into a single token sequence, thereby preserving the context and relationships between
various parts of the document, unlike prior methods that rely on the fragmented visual representations.
Additionally, in cases where the number of tokens in a document is large and exceeds the capacity of
a single context window of VLMs, we propose a strategy to segment the document into passages, each
represented within the token limit, and combine these passage embeddings into a unified document
representation. This strategy differs from existing approaches that independently represent and retrieve
at the passage level, potentially losing the overall document context. Lastly, to accurately identify only
the relevant sections within the retrieved lengthy document, we introduce a reranking mechanism that
is trained to pinpoint the passage most pertinent to the query (among all the other passages within the
document), allowing for both the coarse-grained document-level matching and fine-grained passage-level
retrieval. We refer to our framework as Interleaved Document Information Retrieval System (IDentIfy).
We experimentally validate the effectiveness of IDentIfy on four benchmark datasets, considering
both the text-only and multimodal queries. We then observe that our approach substantially outperforms
relevant baselines that consider only the uni-modality or certain facets of multi-modality, thanks to the
holistic consideration of multimodal content. Further, we find that the strategy to represent the whole
document with its single representation (by merging embeddings of its splits) is superior to the approach
of individually representing them for document retrieval, but also performing reranking over the sections
of the retrieved document is superior to the approach of directly retrieving those sections, confirming the

efficacy of proposed retrieval and reranking pipeline for document and passage retrieval, respectively.

3.1.2 Related Work

Information Retrieval IR involves finding documents relevant to a query, which plays a crucial role
in applications such as search and question-answering [191, 192, 193, 194, 195]. Earlier IR approaches
measured the similarity between queries and documents based on their lexical term matching, such
as BM25 and TF-IDF [183, 138]. However, these methods struggled to capture semantic nuances be-
yond surface-level term overlaps. Recently, along with advancements in language models [26, 37], there
have been dense retrieval methods that embed both queries and documents into a shared dense vector
space [184, 185], enabling the calculation of semantic similarity between them more effectively by cap-
turing the deeper contextual information. Yet, previous studies have mainly focused on enhancing the
textual representations of queries and documents, while overlooking the multimodal nature of documents

beyond text, which can provide richer context and aid in more accurate retrieval [196, 197].
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Multimodal Information Retrieval Recent studies in IR have expanded the focus from purely text-
based retrieval models to those that consider other modalities, such as images [198, 199], tables [200, 201]
and graphs [21]; however, the majority of these approaches [202, 203, 204, 205, 206] have primarily ex-
plored how to process the multimodal queries, and overlooked the equally important multimodal char-
acteristics of the documents being retrieved. In efforts to handle diverse multimodal elements within
documents, there are concurrent studies that have proposed to capture screenshots of documents, such
as PDFs [189, 207] or Wikipedia web pages [190], and subsequently encoding them through vision mod-
els [208]. Yet, these methods are not only limited by factors, such as image resolution and computational
memory, constraining their application to documents longer than a single page!, but also fall short by
treating the diverse modalities within a document as a single visual entity, leading to document repre-
sentations that may fail to effectively capture the nuanced interdependence between text and images.
Also, while there are concurrent studies [209, 155] that consider images and text as retrieval targets, they
primarily focus on representing image-text pairs and their retrieval, rather than addressing the holistic
representation of documents that include multiple images and another modality (tables). Finally, all the
aforementioned work does not address the issue of splitting documents into smaller fragments (passages

or sub-images), which may disrupt the holistic contextual view of the entire document.

Vision-Language Models Recently developed VLMs have emerged as a powerful tool for jointly
processing visual and textual data, which combine the image understanding capabilities of visual en-
coders [198, 210] with the advanced reasoning abilities of language models [7, 8]. They have achieved
remarkable performance across diverse vision-language tasks (such as image captioning and visual ques-
tion answering) [211, 9], with the substantially limited attention on their applications to IR. We note
that the latest developments in this field have particularly focused on enabling VLMs to handle inter-
leaved, multimodal content, involving a mixed sequence of images and text [212, 213]. In particular,
LLaVA-NeXT-Interleave [213] introduces a fine-tuning approach that specifically enhances the VLMs’
capacity to understand complex interleavings of multiple images and text within a single context. Draw-
ing inspiration from these advances, we propose to harness their capabilities to create unified embeddings

for documents interleaved with text and images (and tables).

3.1.3 Approach

We present IDentlfy to holistically represent documents interleaved with multimodal elements.

3.1.3.1 Preliminaries

We begin with formally explaining IR and VLMs.

Information Retrieval IR is the task of identifying a set of relevant documents {d;,ds,...,dy} < D
from a corpus D, given a query q. Here, each query g and document d are represented as a sequence
of tokens, e.g., ¢ = [q1,...,qn], and traditional IR approaches typically consider these tokens as purely
textual elements. Yet, we propose to extend this assumption to have the tokens of both the textual and
visual content, to capture the multimodal nature of documents. Then, this extension raises important
questions of how can both the textual and visual content be represented within a unified token framework,

and how can these multimodal tokens be seamlessly integrated and encoded for document representations.

Tt requires processing 9.8k image tokens just to process a single-page document, and it results in 2TB of storage for
handling the entire Wikipedia corpus, which may not be practical.
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Figure 3.2: Overview of the proposed IDentlfy framework. (a): In our document retriever, a query
encoder represents a query (purple), and sections are encoded with a section encoder whose embeddings
are averaged to form a document representation (blue). Contrastive learning loss (red) is used for training
the document retriever. (b): Reranker scores query-section relevance with the concatenation of the query
and section, trained using Binary Cross-Entropy (BCE) loss.

Vision-Language Models To answer them, we now turn to describing VLMs, which are designed
to jointly encode the textual and visual information in a unified token framework. These models are
generally comprised of two main components: a visual encoder and a language model, interconnected
through a projection layer. Specifically, given the document that may contain interleaved modalities
(e.g., text and images), the visual encoder extracts high-level visual features from images embedded
within the document, mapping them into a latent space. Then, these visual features are transformed
into a sequence of visual tokens via the projection layer, represented as follows: V € RV*demb  where V
denotes the visual token length and dgpy, is the token dimension size. Similarly, for the textual content
embedded within the document, the language model uses a word embedding layer to convert the input
text into a sequence of tokens, as follows: LeRmv where L denotes the text token length.

In this work, we also propose to account for tables that are the integral modality to holistically
represent the full content of documents. Yet, unlike text and images that have dedicated processing
layers within VLM architectures, tables do not have a specific representation layer. Nevertheless, we
argue that VLMs are pre-trained on diverse web data, and subsequently learned implicitly to handle the
table structures formatted in HTML. Consequently, we treat HTML-format table data as a linearized
sequence of HTML words, applying the same word embedding layer as is used for plain text. To be
formal, this process converts the table content into table tokens, as follows: Te RT*demb  where T is the
token length of the table. Lastly, once extracted, the visual tokens, text tokens, and table tokens are
concatenated (into a unified token sequence) and then passed through the remaining layers of VLMs,
to capture both uni- and cross-modal relationships across different modalities, ultimately enabling the

comprehensive understanding of the documents.

3.1.3.2 Retriever

We now explain how we design a retriever specifically tailored for multimodal interleaved document

retrieval. In particular, our approach leverages a VLM capable of processing text, images, and tables
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within a single document. Further, following the standard practice of existing retrieval architectures [184,
185], we use a dual-encoder structure, which consists of a query encoder and document (or section)
encoder, both are based on VLMs, illustrated in Figure 3.2 (a).

Specifically, thanks to the use of the VLM, our query encoder can take either purely textual queries
g = Lg or multimodal queries consisting of text and visual elements ¢ = [V, Lq]. Also, to obtain
the final query representation, we use a learnable token called ‘End of Query’, [EoQ]e R%m=>  which is
appended to the end of the query tokens g. The final concatenated tokens [g, [EoQ]] are then passed
through the query encoder. Lastly, the model output corresponding to [EoQ] is used as the final query
representation, denoted as follows: ZQeRdemb.

For documents, we represent each of them d as a sequence of sections: d=[s;]7_, (with a total of
S sections), where each section s; is derived by dividing the document according to its subtitles. s; can
contain a combination of text tokens Lg;, visual tokens from embedded images Vyg;, and table tokens
Ts;, denoted as follows: s; =[Vg,, Lg,, Ts,]. Then, to obtain a section-level representation, similar to
the query representation, we introduce a learnable token, called ‘End of Section’: [EoS]e R%mb  which
is appended at the end of each section. We then forward concatenated tokens [s;, [EoS]] to the section
encoder, and, after that, the output corresponding to [EoS] is used to form the section representation,
as follows: Zg, € Réemb. Additionally, the overall document representation is obtained by averaging the
representations of all sections within the document, as follows: Zp = %Zle Zg,.

The remaining step is to train those two query and section encoders. Recall that the goal of the
retriever is to assess a relevance score between the query and the document. To achieve this, we use
a contrastive learning loss based upon the query and document representations, whose objective is to
assign higher similarity scores to relevant documents (positive samples) and lower scores to irrelevant

ones (negative samples) for the query, as follows:

1 & ¢ (Zq,, Zp,) )
Erctrievcr =75 IOg < . - )
B 'gl Zf:l ¢ (ZQNZD;')

a'b
¢ (@, b)=exp <||a|||b||> ! 3.1)

where B is the batch size. By minimizing L, ctriever, the retriever learns to optimize the similarity between
queries and their relevant documents, enabling the retrieval of the most pertinent documents for the given

input query during inference.

3.1.3.3 Reranker

To enable fine-grained retrieval within documents beyond the retrieval of documents themselves, we
introduce a section-level reranking mechanism that identifies the section most relevant to the query. In
particular, once the document is retrieved, the objective of the reranker fr is to pinpoint the specific
sections within the document that best match the query. We also note that this reranker is similarly
operationalized with the VLM along with a binary classifier on top of it, which directly measures the
relevance of each query-section pair (Figure 3.2 (b)).

Formally, for a retrieved document, we take each of its sections s; with a learnable token for section
embedding [EoS] attached to the end and concatenate it with query q , forming the input sequence
of [q, s;, [EoS]]. The concatenated tokens are then processed through the reranker, and its output

corresponding to [EoS] captures the relevance between the query and section, which is further subse-
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quently passed to a binary classifier. Through this, the classifier outputs a probability score indicating
the likelihood of the section being relevant to the query, i.e., a score close to one denotes a high relevance.

To train this reranker, we use the binary cross-entropy loss, formulated as follow:

B S;
q 1 .
Lreranker = Z Z BSZE (yslﬁja fR ([Qa Si,j])) ;

i=1j=1
£(y,9)=—[ylogg+(1—y)log(1-9)], (3.2)

where S; is the number of sections in the i-th document, ys, ; is the label for the j-th section of the
i-th document s; ; (with its value of one if relevant to the query g, otherwise zero), §; ; = [s; ;, [EoS]],
and B is the batch size during training. Also, during training, the sections not labeled as relevant to
the query are considered negative samples. Then, by minimizing L cranker, the reranker learns to predict
section relevance for any query, thereby refining our overall retrieval process by allowing the retrieval of

not just whole documents but also their most relevant sections, for multiple use cases of IR.

3.1.4 Experiments

3.1.4.1 Datasets

We evaluate the proposed IDentlfy on four benchmark datasets designed for multimodal IR that

require understanding of both textual and visual cues within queries and documents, as follows:

o Encyclopedic-VQA [214] is a benchmark for multimodal Visual Question Answering (VQA) with
queries linked to specific Wikipedia sections and includes both textual and multimodal queries;

o InfoSeek [215] is a knowledge-intensive VQA dataset with multimodal questions generated from
Wikidata triples that include diverse entities such as landmarks, animals, and food;

e VIiQuAE [216] involves both text-based and multimodal queries about human entities, linked to
annotated Wikipedia sections, making it ideal for evaluating section reranking;

o Open-WikiTable [217] extends WikiSQL [218] and WikiTableQuestions [219], targeting table QA

(in the open-domain setup) by identifying documents or sections containing relevant tables.

3.1.4.2 Baselines
To comprehensively validate IDentlfy, we compare it against two categories of baselines:

¢ Conventional VLM Baselines: We consider earlier VLMs, which are not capable of jointly pro-
cessing text and images, such as CLIP [198] and BLIP [220]. Also, we consider the approaches, such
as UnilR [221], which is built on top of them and fine-tuned with a contrastive loss (Equation 3.1).

¢ Baselines with Different Document Representations: We further consider existing approaches,
representing documents in various ways. Entity and Abstract baselines retrieve documents based
on their titles and summaries, respectively, using high-level textual cues. Text-only baselines utilize
the full textual content of documents for retrieval [206, 222]. Text & Table and Text & Image
baselines leverage tables and first image of documents alongside the text, respectively [223, 155, 209].
These baselines, like our method, are built on the same recent VLMs for direct comparison. IDentIfy

is our model that holistically represents multimodal content (text, images, and tables) in documents.
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Table 3.1: Results with different document retrievers.

Method R@1 R@10 R@100 MRR@10
CLIP-VIT-L-14
Zero-Shot 1.9 6.3 13.9 3.1
UnilR + Text-Only 3.8 20.6 50.3 7.7
UnilR + Text & Image 5.8 21.5 48.5 10.0
BLIP-Large
Zero-Shot 0.0 0.0 0.0 0.0
UnilR + Text-Only 9.8 36.9 71.4 16.3
UnilR + Text & Image 9.9 23.9 60.7 13.5
LLaVA-NeXT-Interleave-0.5B

Entity 3.1 15.5 39.7 6.1
Abstract 13.4 41.3 66.5 21.6
Text-Only 12.5 37.8 68.7 19.8
Text & Table 12.6 38.6 68.5 19.9
Text & Image 16.4 45.4 77.1 25.3
IDentlfy (Ours) 20.5 50.0 78.0 29.4

3.1.4.3 Evaluation Metrics

To evaluate our approach, we use standard metrics: Recall@K (RQK) measures whether the relevant
document or section appears within the top-K results; MRRQK measures how early the first relevant

item is ranked (within top-K) by averaging its inverse rank across queries.

3.1.4.4 Implementation Details

We use LLaVA-NeXT-Interleave [213] as the basis VLM for both the retriever and reranker, and also
use LLaVA-OneVision [224] as an additional basis VLM to show the robustness of IDentlfy. Following
the convention of using the basis of retrieval with less than 1B parameters to balance computational
efficiency and retrieval performance [198, 202, 221], we choose 0.5B-parameter versions of the VLMs.
During training, documents are represented using randomly selected four sections, while in inference,
we consider all sections within each document. For section-level retrieval, all sections within the top 25

retrieved documents are reranked. Experiments are conducted on a single H100 GPU.

3.1.4.5 Experimental Results and Analyses

Main Results We report retrieval performance on the Encyclopedic-VQA dataset in Table 3.1, where
queries include both text and images. IDentlfy significantly outperforms all baselines built on VLMs
such as CLIP and BLIP, which are limited to handling a single image alongside text and encoding image-
text representations independently, making them suboptimal for understanding multimodal interactions
within documents. We also observe that IDentIfy achieves the best performance, improving RQ1 scores
by 53.0%, 64.0%, 62.7%, and 25.0% over Abstract, Text-Only, Text & Table and Text & Image retrieval
baselines, respectively, with similar trends observed for other metrics. These results demonstrate the
effectiveness of integrating multimodal content holistically into a unified representation.

We further examine the impact of our pipeline of document retrieval and section reranking. In
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Table 3.2: Comparison of different IR strategies for section retrieval. In particular, Document (Ours)
performs the document retrieval and section reranking, whereas Passage performs the passage retrieval
and reranking. * denotes the model without reranking.

Granularity R@1 R@10 R@20 MRR@10
Passage™ 3.9 16.9 22.0 7.5
Passage 28.6 36.4 37.8 31.2
Document (Ours) 35.1 50.8 53.6 40.3

Table 3.3: Performance on document retrieval and section reranking for multimodal and textual queries

on Encyclopedic-VQA (Enc-VQA), ViQuAE, and InfoSeek. We compare the approach that solely uses
textual information from documents (Text-Only) and our approach of leveraging interleaved multimodal
contents from documents (IDentIfy) over various scenarios.

Document Retrieval Section Reranking
Dataset Query Type Method R@1 R@10 R@100 MRR@10 R@1 R@10 R@20 MRR@10
. Text-Only 12.5 37.8 68.7 19.8 40.7 52.8  55.5 44.8
Multimodal 'y ey (Ours)  20.5 50.0 78.0  29.4  42.4 53.6 557  46.3
Enc-VQA entlfy (Ours . . . . . . . .
Textual Text-Only 62.7 76.3 87.4 67.0 68.1 794 80.2 72.3
IDentlfy (Ours) 65.4 76.8 87.8 69.0 69.7 80.1 80.6 73.6
Multimodal Text-Only 13.5 404 674 20.9 12.6 31.7 37.7 18.2
ViIQUAE IDentIfy (Ours) 17.5 46.0 69.4 26.3 11.4 32.1 39.2 17.5
Text-Only 55.8 715 83.0 60.9 27.8 50.2 57.7 35.0
Textual
IDentlfy (Ours) 56.5 72.2 83.0 61.6 29.9 50.9 59.8 36.7
Text-Only 6.8 236 525 11.2 N/A N/A N/A  N/A

InfoSeek  Multimodal
Hosee oS I Dentify (Ows)  10.2 30.4 57.3 157  N/A N/A N/A  N/A

Table 3.2, the passage retriever represents individual sections as separate retrieval units, whereas the
document retriever (ours) aggregates multiple section representations into a single representation. Then,
we perform reranking over the retrieved sections or the sections from the retrieved documents, and then
report the results in Table 3.2. From this, we observe that the passage retriever without reranking
(Passage™) achieves suboptimal retrieval performance, highlighting the challenge in pinpointing the most
relevant section within a document using traditional retrieval methods. In contrast, when the reranker
is used alongside the document retriever, the performance significantly surpasses the passage retrieval,

demonstrating the effectiveness of our coarse-to-fine document-to-section retrieval strategy.

Interleaved format enhances document retrieval across modalities. We further expand our ex-
periments to two additional datasets, InfoSeek and ViQuAE, and report document retrieval results. As
shown in Table 3.3 Left, our model consistently outperforms the Text-document model for both the mul-
timodal and textual queries. We attribute these gains to the integration of multimodal content, allowing

the VLM to capture richer alignments with pre-existing knowledge for document representation [225].

Interleaved format is also beneficial in section retrieval. Similarly, we evaluate section retrieval
performance on Encyclopedic-VQA and ViQuAE datasets, for both multimodal and textual queries. As
shown in Table 3.3 Right, our model outperforms the Text-document baseline in most cases. However,
the performance gains over the baseline are smaller compared to the document retrieval setup. This is

likely because section reranking focuses on evaluating the relationship between a single section and a
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Table 3.4: Retrieval results for tables, where Zero-shot denotes a model trained on Encyclopedic-VQA
but not on the target dataset. Finetuned refers to additional training of the model on the target dataset.
(a): Results for tabular document retrieval on Open-WikiTable (OWT). (b): Textual and tabular section
reranking results on ViQuAE and OWT datasets, respectively. (c): Reranker accuracy of a classification
task that identifies the section containing the query-associated table given a gold document.

(a) Document Retrieval for Tables (b) Section Reranking for Tables
Method RQ@1 R@10 R@100 MRR@10 Dataset Target Method R@1 R@10 R@20 MRR@10
Zero-shot 29.4 58.0 86.0 38.1
Finetuned 55.8  84.1 93.5 66.1 VIQUAE  Text Zéro-shot 203 49.0  57.7 28.9
(C) Tabular Classification Finetuned 29.9 50.9 59.8 36.7
Method Random Zero-shot Finetuned OWT Table Zero-shot 5.9 20.5 294 9.1
Acc@1 11.9 9.3 56.5 Finetuned 8.4 36.7 52.8 15.2

Figure 3.3: Trade-off between Table 3.5: Comparison of training objectives for the reranker: Con-
the performance (MRR@10) and trastive uses contrastive loss similar to the document retriever train-
the training cost (GPU Memory) ing; Doc + BCE concatenates the query with multiple sections from
for retrieval with respect to the the same document and uses the BCE loss; Sec + BCE trains the

number of sections considered. reranker by concatenating the query with each section individually.
16| -0~ MRR@10 1 = Query Type Train Loss R@1 RQ10 R@20 MRR@10
GPU Mem. (GB) r80
9 12 11.%9'2 e Contrastive 3.6 15.0 21.3 6.5
F70 & | . a0 n . -
@ \ 7_5/ £ Multimodal Doc + BCE 13.6 29.6 32.9 24.1
< . O8] 60 = Sec + BCE (Ours) 42.4 53.6 55.7 46.3
2
4 Fs0g Contrastive 13.6 37.7 45.1 20.6
L R 20 Textual Doc + BCE 238 434 47.2 39.1
1 2 4 Sec + BCE (Ours)  69.7 80.1 80.6 73.6

# of sections

query (rather than leveraging the holistic context of the entire document), and individual sections may

lack the diverse multimodal information necessary for fully capturing the intent of queries.

Retrieving tables interleaved within documents is challenging. We explore the retrieval task
for tabular data, aiming to identify documents or sections containing query-relevant tables, and compare
models trained on Encyclopedic-VQA (Zero-shot) with those additionally trained on Open-WikiTable
(Finetuned). As shown in Table 3.4 (a), the Finetuned retriever outperforms the Zero-shot retriever on
retrieving documents containing query-relevant tables. Yet, more fine-grained section reranking results
(identifying sections containing query-relevant tables) in Table 3.4 (b) reveal a notable modality-specific
challenge: the performance of Zero-shot and Finetuned rerankers is considerably lower on table retrieval
compared to their performance on text retrieval, despite both the text and tables being represented with
word tokens. To better understand this, we design a classification task, where rerankers are tasked with
identifying the correct section containing the target table within the golden document. Then, as shown
in Table 3.4 (c), the Zero-shot reranker performs comparably to random selection, while the Finetuned
reranker shows modest improvements. These findings highlight the challenge of tabular retrieval, suggest-

ing the need for table-specific modules to more holistically represent multimodal interleaved documents.

More sections enhance document retrieval performance but raise computational costs. To
see how the number of sections used for representing each document impacts performance, we evaluate
document retrieval on the InfoSeek dataset by varying the sections per document during training. As
shown in Figure 3.3, incorporating more sections improves MRR@10 from 7.5 to 15.7 due to leveraging
richer multimodal and contextual information. However, this comes at the cost of increased computa-

tional requirements, as processing more sections raises GPU memory consumption.
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Table 3.6: Comparison of the negative sam- Table 3.7: Results with another base model (namely,
ple selection strategies for reranker training: LLaVA-OneVision-0.5B) for document retrieval (with
Top-K (top-k retrieved sections), In-batch (sec- different document formats).
tions from other samples in the batch), and In-

document (sections in the same document). Format R@1 R@10 R@100 MRR@10
Entity 2.3 10.3 29.7 4.3
Negative R@1 R@20 MRR@10 Abstract 7.6 24.7 55.7 12.0
Text-Only 7.0 24.1 50.4 11.7
Top-K 381 553 44.4 Text & Table 69 263 54.9 12.1
In-batch 39.5 554 45.0 Text & Image 9.3 31.4 61.9 15.4
In-document (Ours) 42.4 55.7 46.3 [Dentlfy (Ours) 12.1  36.1 62.5 18.2

BCE loss is the most effective to train the section reranker. In our reranker design, we use
a binary cross-entropy (BCE) loss by concatenating the query with each document section individually
(Section 4+ BCE), allowing the model to directly assess query-section relevance. As an alternative, we also
explore a contrastive loss (Contrastive), which models section reranking similarly to document retrieval
but uses sections as the retrieval units, and a variant of BCE loss (Document + BCE), where the query
is concatenated with multiple sections (both positive and negative) from the same document. As shown
in Table 3.5, the Section + BCE reranker outperforms both alternatives. Specifically, contrastive loss
performs the worst, suggesting that direct concatenation of query and section provides clearer relevance
signals, consistent with conventional reranking approaches. Moreover, while Document + BCE leverages
inter-section context, its performance might be hindered by training constraints as the model processes

fewer sections during training [226, 227], and addressing it would be interesting future work.

Sections from the same document act as effective negatives for reranker training. In training
the reranker, we investigate whether considering sections from the same document as negative examples
(called In-document) is effective than other strategies, such as Top-K negatives (top-K retrieved sections
based on their similarity with the query) and In-batch negatives (positive sections from other samples
in the same batch). As shown in Table 3.6, we observe that the In-document approach achieves superior
performance especially on R@1, demonstrating its ability to effectively identify the most pertinent section
among highly similar sections within the same document, i.e., its training objective can encourage the

reranker to focus on fine-grained distinctions between closely related sections (within the same document).

IDentlIfy is Versatile with Different VLMs. To ensure the robustness of IDentlfy across VLMs,
we evaluate its performance with another VLM, LLaVA-OneVision [224], with 0.5 billion parameters, in
addition to LLaVA-NeXT-Interleave [213] used in our main experiments. Results in Table 3.7 show that

ours continues to outperform baselines, achieving a notable 30.1% gain in RQ1 over the best baseline.

3.1.5 Summary

In this paper, we introduced IDentlIfy, a novel IR framework designed to address the limitations of
conventional methods that rely on textual content of documents and their segmented passages. Specifi-
cally, our approach sits on top of recent VLMs, which enables integration and representation of diverse
multimodal content (including text, images, and tables) into a unified document representation. Also, un-
like previous strategies that segment documents at the passage level, our method merges these segments
to maintain the document’s structural coherence, while further introducing a reranking strategy for pre-
cise identification of relevant sections. Extensive experiments across various IR datasets demonstrated

that IDentlIfy consistently outperforms existing baselines, confirming that the interleaved multimodal
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representation significantly enhances the quality of the document and section retrieval. We believe IDen-
tIfy represents a crucial step toward more comprehensive and contextually aware IR systems, capable of

handling the increasing multimodality of modern information sources.

3.1.6 Extension: Video Representation & Retrieval

While our unified multimodal document representation framework (namely, IDentIfy) provides a
way to holistically embed and retrieve documents interleaved with textual, visual, and tabular informa-
tion, it remains limited to static documents and cannot capture the temporal dynamics inherent to (for
example) videos. However, real-world information needs often require understanding motion, temporal
ordering, and dynamic visual cues that only the video data can provide. To bridge this gap, we extend
the underlying principles of IDentlIfy to the video domain, introducing a video-specific retrieval (and
further contextualization) framework, VideoRAG, discussed in Section 2.3. Specifically, inspired by the
interleaved-representation philosophy of IDentlfy, VideoRAG jointly embeds both visual and textual sig-
nals from videos, while handling video-specific challenges through a frame selection mechanism designed
to extract the most informative frames and an auxiliary strategy for generating textual signals when sub-
titles are unavailable. This extension opens the path for retrieving temporally grounded, high-capacity
video evidence as part of the contextualization process, enabling retrieval-augmented models to access

and utilize dynamic, time-dependent knowledge that static multimodal documents cannot provide.
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3.2 Fact Representation & Retrieval from Knowledge Graphs

3.2.1 Motivation

(a) Conventional Fact Retrieval

Michael

Q: Where was Michael F. Phelps born?

il Phelps
: Spouse‘ K N
i i i Dsinthe [ Nicole hAS .
(1) Entity Mention Detection |“||I|I|| wicioaTa ? I e I Beiifiaie
; , Q39562 [Michael Phelps,
itDelniziel 17 [Pt o (Michael Phelps) Place of birth, Baltimore]
(2) Entity Disambiguation (3) Relation Classification
(b) Our Direct Fact Retrieval
Q: Where was Michael F. Phelps born? Facts in a Knowledge Graph
%E:I?;I cror »| Baltimore

Michael Place of birth .
»| Baltimore

Phelps
—/
 CE—
Nicole Occupation
> Model
Johnson
—

Direct Retrieval without Entity Linking

A representation space % [Michael Phelps,
by one language model Place of birth, Baltimore]

Figure 3.4: (a) A conventional fact retrieval from KGs involves three sequential steps: 1) entity mention
detection to identify entities in queries; 2) entity disambiguation to match entities in input texts to KGs;
3) relation classification to select relevant relations. (b) Our fact retrieval directly retrieves relevant facts
with their representational similarities to input queries.

Knowledge graphs (KGs) [82, 32, 228], which consist of a set of facts represented in the form of a
(head entity, relation, tail entity) triplet, can store a large amount of knowledge. In many applications,
language models (LMs) [26, 5] are commonly used; however, their knowledge internalized in parameters
is often incomplete, inaccurate, and outdated. Therefore, several recent works suggest augmenting LMs
with facts from KGs, for example, in question answering [229, 230] and dialogue generation [231, 53].

However, despite the broad applications of the KGs, the existing mechanism for retrieving facts
from them are, in many cases, unnecessarily complex. In particular, to retrieve facts from KGs, existing
work [232, 233, 234] relies on three sequential steps, consisting of span detection, entity disambiguation,
and relation classification, as illustrated in Figure 3.4 (a). For example, given an input text: "Where
was Michael Phelps born?", they first detect a span of an entity within the input, which corresponds to
"Michael Phelps". Then, they match the entity mention in the input to an entity id in the KG. Those two
steps are often called entity linking. Finally, among 91 relations associated with the entity of Michael

Phelps, they select one relation relevant to the input, namely "place of birth".
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The aforementioned approach has a couple of drawbacks. First, all three sub-modules in the pipeline
require module-specific labels in addition to query-triplet pairs for training. However, in real-world, high-
quality training data is limited, and annotating them requires significant costs. Second, such a pipeline
approach is prone to error propagation across steps [235, 236]. For example, if the span detection fails,
the subsequent steps, such as relation classification, are likely to make incorrect predictions as well.
Third, certain modules, that match entities in queries to KGs or predict relations over KGs, are usually
not generalizable to emerging entities and relations and cannot be applied to different KGs. It would be
preferable to have a method that does not require KG-specific training and inference.

To tackle these limitations, we propose to directly retrieve the relevant triplets related to a natural
language query by computing their similarities over a shared representation space (See Figure 3.4 (b)).
The design of our direct retrieval framework is motivated by a pioneering work of open-domain ques-
tion answering with documents [79], which showed the possibility of dense retrieval with simple vector
similarities between the question and document embeddings. However, in contrast to the document
retrieval scenario where documents have sufficient contexts to embed, it is unclear whether the LM can
still effectively embed facts represented in the short triplet form for retrieval. Also, compared to the
document retrieval which additionally requires a reader to extract only the relevant piece of knowledge,
our fact retriever itself can directly provide the relevant knowledge.

To realize our fact retriever, we train it by maximizing similarities between representations of relevant
pairs of input texts and triplets while minimizing irrelevant pairs, where we use LMs for encoding
them. We note that this process requires only text-triplet pairs without using extra labels, unlike the
conventional pipeline approach for fact retrieval. After training, we index all triplets in the KG with the
trained encoder in an offline manner, and, given the input query, we return the nearest triplets over the
embedding space. This procedure simplifies the conventional three steps for retrieving facts from KGs
into one. To further efficiently search the relevant triplets, we approximate the similarity calculation
with vector quantization and hierarchical search based on clustering [237]. We further note that, since
we embed triplets using the LM, our retriever can generalize to different KGs without any modification,
unlike some conventional retrieval systems that require additional training to learn new KG schema about
distinct entities and relations types. We refer to our framework as Direct Fact Retrieval (DiFaR).

We experimentally demonstrate that our direct retrieval on KGs works well; however, the fact
represented in the triplet form has a limited context, since it consists of only two entities and one relation.
Also, similarity calculation with the independently represented input text and triplets is arguably simple,
and might be less effective. Therefore, to further improve the retriever performance, we additionally use
a reranker, whose goal is to calibrate the ranks of retrieved triplets for the input text. In particular, we
first retrieve k nearest facts with the direct retriever, and then use another LM which directly measures
the similarity by encoding the input text and the triplet simultaneously. Moreover, another objective of
the reranker is to filter out irrlevant triplets, which are the most confusing ones in the embedding space
of the direct retriever. Therefore, to effectively filter them, we train the reranker to minimize similarities
between the input text and the most nearest yet irrelevant triplets.

We evaluate our DiFaR framework on fact retrieval tasks across two different domains of question
answering and dialogue, whose goals are to retrieve relevant triplets in response to the given query. The
experimental results then show that our proposed DiFaR framework outperforms relevant baselines that
use conventional pipeline approaches to retrieve facts on KGs, and also show that our reranking strategy
significantly improves retrieval performances. The detailed analyses further support the efficacy of our

DiFaR framework, with its great simplicity.
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3.2.2 Related Work

Knowledge Graphs Knowledge Graphs (KGs) are factual knowledge sources [82, 32], containing a
large number of facts, represented in a symbolic form: (head entity, relation, tail entity). Since some nat-
ural language applications require factual knowledge [238], existing literature proposes to use knowledge
in KGs, and sometimes along with language models (LMs) [26]. To mention a few, in question answering
domains, facts in KGs can directly be answers for knowledge graph question answering tasks [239, 240],
but also they are often augmented to LMs to generate knowledge-grounded answers [104, 108]. Similarly,
in dialogue generation, some existing work augments LMs with facts from KGs [231, 53]. However, prior
to utilizing facts in KGs, fact retrieval — selection of facts relevant to the input context — should be
done in advance, whose results substantially affect downstream performances. In this work, we propose

a conceptually simple yet effective framework for fact retrieval, motivated by information retrieval.

Information Retrieval The goal of most information retrieval work is to retrieve relevant documents
in response to a query (e.g., question). Early work relies on term-based matching algorithms, which count
lexical overlaps between the query and documents, such as TF-IDF and BM25 [121, 241]. However,
they are vulnerable to a vocabulary mismatch problem, where semantically relevant documents are
lexically different from queries [242, 243]. Due to such the issue, recently proposed work instead uses
LMs [26, 37] to encode queries and documents, and uses their representational similarities over a latent
space [79, 80, 244]. They suggest their huge successes are due to the effectiveness of LMs in embedding
documents. However, they focus on lengthy documents having extensive context, and it is unclear
whether LMs can still effectively represent each fact, succinctly represented with two entities and one
relation in the triplet form, for its retrieval. In this work, we explore this new direction by formulating

the fact retrieval problem as the information retrieval problem done for documents.

Knowledge Retrieval from KGs Since KGs have a large number of facts, it is important to bring
only the relevant piece of knowledge given an input query. To do so, one traditional approach uses
neural semantic parsing-based methods [62, 245, 63, 64] aiming to translate natural language inputs
into logical query languages, such as SPARQL? and A-DCS [246], executable over KGs. However, they
have limitations in requiring additional labels and an understanding of logical forms of queries. Another
approach is to use a pipeline [247, 248, 249, 250, 234] consisting of three subtasks: entity span detection,
entity disambiguation, and relation classification. However, they similarly require additional labels on
training each subcomponent, and this pipeline approach suffers from errors that are propagated from
previous steps [235, 236]. While recent work [229] proposes to retrieve textual triplets from KGs based
on their representational similarities to the input text with the information retrieval mechanism, they
still rely on entity linking (e.g., span detection and entity disambiguation) first, thus identically having
limitations of the pipeline approach. Another recent work [230] merges a set of facts associated with each
entity into a document and performs document-level retrieval. However, the document retrieval itself
can be regarded as entity linking, and also the overall pipeline requires an additional reader to extract
only the relevant entity in retrieved documents. In contrast to them, we directly retrieve facts from
the input query based on their representational similarities, which simplifies the conventional three-step

approach including entity linking into one single retrieval step.

2https://www.w3.org/ TR /rdf-sparql-query/
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3.2.3 Approach

3.2.3.1 Preliminaries

We formally define a KG and introduce a conventional mechanism for retrieving facts from the KG.

Knowledge Graphs Let £ be a set of entities and R be a set of relations. Then, one particular fact
is defined as a triplet: t = (ep,T,e:) € £ X R x £, where ey, and e are head and tail entities, respectively,
and r is a relation between them. Also, a knowledge graph (KG) G is defined as a set of factual triplets:
G = {(en,r,e¢)} € & x R x £. Note that this KG is widely used as a useful knowledge source for many
natural language applications, including question answering and dialogue generation [229, 230, 231, 53].
However, the conventional mechanism to access facts in KGs is largely complex, which may hinder its

broad applications, which we describe in the next paragraph.

Existing Knowledge Graph Retrieval The input of most natural language tasks is represented as
a sequence of tokens: x = [wq,ws,. .. ,wm]. Suppose that, given the input «, t* is a target triplet to

3

retrieve?. Then, the objective of the conventional fact retrieval process for the KG G [247, 234] is, in

many cases, formalized as the following three sequential tasks:

¢ = argmaspo(tle. =, O)po (elm. )py (mla) (3.3)
where py(m|z) is the model for mention detection with m as the detected entity mention within the
input x, ps(elm,x) is the model for entity disambiguation, and ps(t|e,x,G) is the model for relation
classification, all of which are individually parameterized by ¢, 1, and 6, respectively.

However, there is a couple of limitations in such the three-step approaches. First, they are vulnerable
to the accumulation of errors, since, for example, if the first two steps consisting of span detection and
entity disambiguation are wrong and we are ending up with the incorrect entity irrelevant to the given
query, we cannot find the relevant triplet in the final relation prediction stage. Second, due to their
decomposed structures, three sub-modules are difficult to train in an end-to-end fashion, while requiring
labels for training each sub-module. For example, to train py(m|x) that aims to predict the mention
boundary of the entity within the input text, they additionally require annotated pairs of the input text
and its entity mentions: {(x,m)}. Finally, certain modules are usually limited to predicting entities £
and relations R specific to the particular KG schema, observed during training. Therefore, they are not

directly applicable to unseen entities and relations, but also to different KGs.

3.2.3.2 Direct Knowledge Graph Retrieval

To tackle the aforementioned challenges of the existing fact retrieval approaches on KGs, we present
the direct knowledge retrieval framework. In particular, our objective is simply formulated with the

single sentence encoder model Ey without introducing extra variables (e.g., m and e), as follows:

tt = argtergax f(Eo(z), Ep(t)), (3.4)

where f is a scoring function that calculates the similarity between the input text representation Eg(x)

and triplet representation Fy(t) (e.g., by using the dot product). Note that, in Equation 3.4, we use the

3For the sake of simplicity, we consider one triplet t1 for each input; the retrieval target can be a set of triplets {t*}.
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sentence encoder Fjy to represent the triplet t. To do so, we first symbolize the triplet as a sequence
of tokens: t = [wy,ws,..., ww], which is constructed by entity and relation tokens, and the separation
token (i.e., a special token, [SEP]) between them. Then, we simply forward the triplet tokens to Ep to
obtain the triplet representation. While we use the single model for encoding both input queries and

triplets, we might alternatively represent them with different encoders, which we leave as future work.

Training After formalizing the goal of our direct knowledge retrieval framework in Equation 3.4, the
next step is to construct the training samples and the optimization objective to train the model (i.e., Fy).
According to Equation 3.4, the goal of our model is to minimize distances between the input text and
its relevant triplets over an embedding space, while minimizing distances of irrelevant pairs. Therefore,
following the existing dense retrieval work for documents [79], we use a contrastive loss as our objective

to generate an effective representation space, formalized as follows:

exp(f(Es (), By (t+)))
Senrer x0(f (Ea(@), Eo(t))

mein —log (3.5)
where T contains a set of pairs between the input text and all triplets in the same batch. In other words,
(z,t+) € 7 is the positive pair to maximize the similarity, whereas, others are negative pairs to minimize.

Also, exp(+) is an exponential function.

Inference During the inference stage, given the input text x, the model should return the relevant
triplets, whose embeddings are closest to the input text embedding. Note that, since Eg(x) and Ey(t)
in Equation 3.4 are decomposable, to efficiently do that, we represent and index all triplets in an offline
manner. Note that, we use the FAISS library [237] for triplet indexing and similarity calculation, since
it provides the extremely efficient search logic, also known to be applicable to billions of dense vectors;
therefore, suitable for our fact retrieval from KGs. Moreover, to further reduce the search cost, we use
the approximated neighborhood search algorithm, namely Hierarchical Navigable Small World Search
with Scalar Quantizer. This mechanism not only quantizes the dense vectors to reduce the memory
footprint, but also builds the hierarchical graph structures to efficiently find the nearest neighborhoods

with few explorations. We term our Direct Fact Retrieval method as DiFaR.

3.2.3.3 Reranking for Accurate Fact Retrieval

The fact retrieval framework outlined in Section 3.2.3.2 simplifies the conventional three subtasks
used to access the knowledge into the single retrieval step. However, contrary to the document retrieval
case, the fact is represented with the most compact triplet form, which consists of only two entities and
one relation. Therefore, it might be suboptimal to rely on the similarity, calculated by the independently
represented input text and triplets as in Equation 3.4. Also, it is critically important to find the correct
triplet within the small k (e.g., k = 1) of the top-k retrieved triplets, since, considering the scenario of
augmenting LMs with facts, forwarding several triplets to LMs yields huge computational costs.

To tackle such challenges, we propose to further calibrate the ranks of the retrieved triplets from
our DiFaR framework. Specifically, we first obtain the k nearest facts in response to the input query over
the embedding space, by using the direct retrieval mechanism defined in Section 3.2.3.2. Then, we use
another LM, E, that returns the similarity score of the pair of the input text and the retrieved triplet
by encoding them simultaneously, unlike the fact retrieval in Equation 3.4. In other words, we first

concatenate the token sequences of the input text and the triplet: [@,t], where [-] is the concatenation
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operation, and then forward it to E4([«,t]). By doing so, the reranking model Ey can effectively consider
token-level relationships between two inputs (i.e., input queries and triplets), which leads to accurate
calibration of the ranks of retrieved triplets from DiFaR, especially for the top-k ranks with small k.
For training, similar to the objective of DiFaR defined in Section 3.2.3.2, we aim to maximize the simi-
larities of positive pairs: {(z,t")}, while minimizing the similarities of irrelevant pairs: {(z,t)}\ {(z,t")},
with a binary cross-entropy loss. However, contrary to the previous negative sampling strategy defined
in Section 3.2.3.2 where we randomly sample the negative pairs, in this reranker training, we additionally
manipulate them by using the initial retrieval results from DiFaR. The intuition here is that irrelevant
triplets, included in the k nearest neighbors to the input query, are the most confusing examples, which
are yet not filtered by the DiFaR model. Hereat, the goal of the reranking strategy is to further filter them
by refining the ranks of the k retrieved triplets; therefore, to achieve this goal, we include them as the
negative samples during reranker training. Formally, let 7 = {(m, f)} is a set of pairs of the input query
x and its k nearest facts retrieved from DiFaR. Then, the negative samples for the reranker are defined
by excluding the positive pairs, formalized as follows: 7\ {(x,t")}. Note that constructing the negative
samples with retrieval at every training iteration is costly; therefore, we create them at intervals of several
epochs (e.g., ten), but also we use only a subset of triplets in KGs during retrieval. Our framework with

the reranking strategy is referred to as Direct Fact Retrieval with Reranking (DiFaR?).

3.2.4 Experiments

We first explain datasets, models, metrics, and implementations.

3.2.4.1 Datasets

We validate our Direct Fact Retrieval (DiFaR) on fact retrieval tasks, whose goal is to retrieve

relevant triplets over KGs given a query. We use four datasets on question answering and dialogue tasks.

Question Answering The objective of KG-based QA tasks is to predict factual triplets in response
to the given question, where predicted triplets are direct answers. For this task, we use three datasets:
SimpleQuestions [251], WebQuestionsSP (WebQSP) [81, 33], and Mintaka [84]. SimpleQuestions and
WebQSP are designed with the Freebase KG [82], and Mintaka is designed with the Wikidata KG [32].

Dialogue In addition to QA, we evaluate DiFaR on KG-based dialogue generation, whose one subtask is
to retrieve relevant triplets on the KG that provides factual knowledge to respond to a user’s conversation
query. We use the OpenDialKG data [252], designed with Freebase.

Knowledge Graphs Following Diefenbach et al. [83] and Saffari et al. [119], we use Wikidata KG [32]

for experiments on QA, and use their dataset processing settings. For OpenDialKG, we use Freebase.

3.2.4.2 Baselines and Our Models

We compare our DiFaR framework against other relevant baselines that involve subtasks, such as
entity detection, disambiguation, and relation prediction. Note that most existing fact retrieval work
either uses labeled entities in queries, or uses additional labels for training subcomponents; therefore, they
are not comparable to DiFAR that uses only pairs of input texts and relevant triplets. For evaluations,

we include models categorized as follows:
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Table 3.8: Main results on the question answering domain for SimpleQuestions, WebQSP, and Mintaka
datasets. We emphasize the best scores in bold, except for the incomparable model: Retrieval with Gold
Entities, which uses labeled entities in inputs.

SimpleQuestions ‘WebQSP Mintaka
Types Methods MRR Hits@l Hits@10 MRR Hits@l Hits@10 MRR Hits@l Hits@10

Retrieval with Gold Entities 0.7213 0.5991 0.9486 0.5324 0.4355 0.7402 0.1626 0.0978 0.2969

Retrieval with spaCy 03454 02017 0.4437 0.3530 0.2856 0.4863 0.0914 0.0585 0.1622
Retrieval with GENRE 0.1662 0.1350 0.2234 0.3099 0.2498 0.4363 0.0935 0.0640 0.1540
Unsupervised Retrieval with BLINK 05142 0.4276 0.6766 0.4853 0.3938 0.6694 0.1350 0.0850 0.2430
Retrieval with ReFinED ~ 0.4841 0.4047 0.6283 0.5008 0.4055 0.6953 0.1312 0.0831 0.2325
Factoid QA by Retrieval ~ 0.7835 0.6953 0.9304 0.3933 0.3089 0.5470 0.1350 0.0836 0.2344
DiFaR (Ours) 0.7070 0.5872 0.9259 0.5196 0.4130 0.7352 0.1590 0.0895 0.3043
DiFaR? (Ours) 0.8361 0.7629 0.9470 0.5441 0.4321 0.7602 0.2077 0.1348 0.3595
Retrieval with Gold Entities 0.8007 0.7094 0.9477 0.6048 0.5079 0.7794 0.2705 0.1987 0.4070
Retrieval with spaCy 0.3789 0.3380 0.4453 0.3963 0.3272 0.5162 0.1367 0.1019 0.2019
Retrieval with GENRE 0.1921 0.1718 0.2255 0.3617 0.3014 0.4696 0.1346 0.1005 0.1964
Supervised ~ Retrieval with BLINK 05679 0.5008 0.6766 0.5483 0.4571 0.7052 0.2075 0.1530 0.3157

Retrieval with ReFinED 0.5349 0.4765 0.6279 0.5707 0.4754 0.7377 0.2106 0.1562 0.3166
Factoid QA by Retrieval 0.8590 0.8051 0.9293 0.5253 0.4546 0.6486 0.1548 0.1179 0.2179

DiFaR (Ours) 0.7904 0.6986 0.9382 0.6102 0.5071 0.7927 0.3049 0.2138 0.4856
DiFaR? (Ours) 0.8992 0.8583 0.9576 0.7189 0.6528 0.8385 0.4189 0.3367 0.5847

Retrieval with Entity Linking It predicts relations over candidate triplets associated with identified
entities by the entity linking methods, namely spaCy [253], GENRE [254], BLINK [255, 256], and
ReFinED [2] for Wikidata; GrailQA [257] for Freebase.

Factoid QA by Retrieval It retrieves entities and relations independently based on their similarities

with the input query [239].

Our Models Our Direct Knowledge Retrieval (DiFaR) directly retrieves the nearest triplets to the
input text on the latent space. DiFaR with Reranking (DiFaR?) is also ours, which includes a

reranker to calibrate retrieved results.

Retrieval with Gold Entities It uses labeled entities in inputs and retrieves triplets based on their

associated triplets. It is incomparable to others.

3.2.4.3 Evaluation Metrics

We measure the retrieval performances of models with standard ranking metrics, which are calculated
by ranks of correctly retrieved triplets. In particular, we use Hits@K which measures whether retrieved
Top-K triplets include a correct answer or not, and Mean Reciprocal Rank (MRR) which measures the
rank of the first correct triplet for each input text and then computes the average of reciprocal ranks of
all results. Following exiting document retrieval work [80, 258], we consider top-1000 retrieved triplets

when calculating MRR, since considering ranks of all triplets in KGs are computationally prohibitive.

3.2.4.4 Implementation Details

We use a distilbert* as a retriever for all models, and a lightweight MiniLM model® as a reranker,
both of which are pre-trained with the MSMARCO dataset [259]. During reranking, we sample top-100

4https://huggingface.co/sentence-transformers/msmarco-distilbert-base-v3
Shttps://huggingface.co/cross-encoder /ms-marco-MiniLM-L-6-v2
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Table 3.9: Main results on the dialogue domain for the OpenDialKG dataset. We emphasize the best
scores in bold except for Retrieval with Gold Entities, which uses labeled entities.

OpenDialKG

Types Methods MRR Hits@1 Hits@10
Retrieval with Gold Entities 0.2511 0.1560 0.4683
Retrieval with GrailQA 0.2051 0.1271 0.3745

Unsupervised Factoid QA by Retrieval 0.1977 0.0892 0.4231
DiFaR (Ours) 0.2396 0.1395 0.4424
DiFaR? (Ours) 0.2637 0.1603 0.4744
Retrieval with Gold Entities 0.2750 0.1495 0.5745
Retrieval with GrailQA 0.2217 0.1198 0.4436

Supervised Factoid QA by Retrieval 0.2042 0.1266 0.3587
DiFaR (Ours) 0.2755 0.1405 0.5547
DiFaR? (Ours) 0.4784 0.3535 0.7380

triplets retrieved from DiFaR. We use off-the-shelf models for unsupervised settings, and further train

them for supervised settings.

3.2.4.5 Experimental Results and Analyses

Main Results We first conduct experiments on question answering domains, and report the results
in Table 3.8. As shown in Table 3.8, our DiFaR with Reranking (DiFaR?) framework significantly
outperforms all baselines on all datasets across both unsupervised and supervised experimental settings
with large margins. Also, we further experiment on dialogue domain, and report results in Table 3.9.
As shown in Table 3.9, similar to the results on QA domains, our DiFaR? framework outperforms the
relevant baselines substantially. These results on two different domains demonstrate that our DiFaR?2
framework is highly effective in fact retrieval tasks.

To see the performance gains from our reranking strategy, we compare the performances between
our model variants: DiFaR and DiFaRZ2. As shown in Table 3.8 and Table 3.9, compared to DiFaR,
DiFaR? including the reranker brings huge performance improvements, especially on the challenging
datasets: Mintaka and OpenDialKG. However, we consistently observe that our DiFaR itself can also
show superior performances against all baselines except for the model of Factoid QA by Retrieval on
the SimpleQuestions dataset. The inferior performance of our DiFaR on this SimpleQuestions dataset is
because, its samples are automatically constructed from facts in KGs; therefore, it is extremely simple
to extract entities and predict relations in response to the input query. On the other hand, our DiFaR
framework sometimes outperforms the incomparable model: Retrieval with Gold Entities, which uses
the labeled entities in the input queries. This is because this model is restricted to retrieve the facts
that should be associated with entities in input queries; meanwhile, our DiFaR is not limited to query

entities thanks to the direct retrieval scheme.

Analyses on Zero-Shot Generalization Our DiFaR can be generalizable to different datasets with
the same KG, but also to ones with other KGs without any modifications. This is because it retrieves
triplets based on their text-level similarities to input queries and does not leverage particular schema
of entities and relations, unlike the existing entity linking methods. To demonstrate them, we perform

experiments on zero-shot transfer learning, where we use the model, trained on the WebQSP dataset
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Table 3.10: Zero-shot transfer learning results, where we use models trained on the WebQSP dataset
with the Wikidata KG not only for SimpleQuestions and Mintaka datasets with the same KG, but also
for the WebQSP dataset with the different Freebase KG. We use MRR as a metric.

Wikidata Freebase
Methods SimpleQuestions Mintaka WebQSP
Retrieval with Gold Entities 0.7994 0.1950 0.6000
Retrieval with BLINK 0.5704 0.1617 N/A
Retrieval with ReFinED 0.5389 0.1591 N/A
Factoid QA by Retrieval 0.8014 0.1431 0.4239
DiFaR (Ours) 0.7812 0.2063 0.5913
DiFaR? (Ours) 0.8244 0.2769 0.6324
100 WebQSP 100 Mintaka 100 - OpenDialKG .
16% =3 One-Hop Ratio
[ Multi-Hops Ratio
80 80 1 |41% 80 A [ DiFaR Hits@1
B DiFaR? Hits@1
60 - 60 - 60 -
40 1 40 1 40 1
20 A 20 A 20 A
0- 0- 0-

All  One-Hop Multi-Hops All  One-Hop Multi-Hops All  One-Hop Multi-Hops

Figure 3.5: Breakdown results by single and multi-hops, where we report ratios of single and multi-hops
samples on the left side of each subfigure, and Hits@1 of DiFaR and DiFaR? across single and multi-hops
on the middle and right. We exclude the SimpleQuestions dataset that consists of single-hop questions.

with the Wikidata KG, to different datasets with the same KG and also to ones with the different
Freebase KG. As shown in Table 3.10, DiFaR is generalizable to different datasets and KGs; meanwhile,

the pipeline methods involving entity linking are not generalizable to different KGs, and inferior to ours.

Analyses on Single- and Multi-Hops To see whether DiFaR can also perform challenging multi-
hop retrieval that requires selecting triplets not directly associated with entities in input queries, we
breakdown the performances by single- and multi-hop type queries. As shown in Figure 3.5, DiFaR
can directly retrieve relevant triplets regardless of whether they are associated with entities in input
queries (single-hop) or not (multi-hop), since it does not rely on entities in queries for retrieval. Also, we
observe that our reranking strategy brings huge performance gains, especially on multi-hop type queries.
However, due to the intrinsic complexity of multi-hop retrieval, its performances are relatively lower than
performances in single-hop cases; thus, despite the fact that the majority of queries are answerable with
single-hop retrieval and that our DiFaR can handle multi-hop queries, it is valuable to further extend
the model for multi-hop, which we leave as future work. We also provide examples of facts retrieved by
our DiFaR in Table 3.11. As shown in Table 3.11, since LMs, that is used for encoding both the question
and the triplets for retrieval, might learn background knowledge about them during pre-trainnig, DiFaR
can directly retrieve relevant triplets even for complex questions. For instance, in the first example, the

LM already knows who was the us president in 1963, and directly retrieves whose religion.
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Table 3.11: Retrieval examples for complex questions, on the challenging Mintaka dataset. We highlight
the related phrases across the question and the triplet in yellow and green colors.

Question: What religion was the us president in 19637
Retrieved Triplet: (Robert F. Kennedy, religion, Catholicism)
Answer: Catholicism

Question: Who commanded the allied invasion of western Europe at Normandy and was an American president?
Retrieved Triplet: (Normandy landings, participant, Dwight D. Eisenhower)
Answer: Dwight D. Eisenhower

Question: Which former Chicago Bull shooting guard was also selected to play on the 1992 US basketball team?
Retrieved Triplet: (1992 US men’s basketball team, has part, Michael Jordan)
Answer: Michael Jordan
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Figure 3.6: Performances and efficiencies of DiFaR? with varying K, where we change the number
of Top-K retrieved triplets when leveraging the reranking strategy. We report results with the relative
improvement (%) to our DiFaR without reranking. We report the time with average over 30 runs.

Analyses on Reranking with Varying K While we show huge performance improvements with our
reranking strategy in Table 3.8 and Table 3.9, its performances and efficiencies depend on the number
of retrieved Top-K triplets. Therefore, to further analyze it, we vary the number of K, and report
the performances and efficiencies in Figure 3.6. As shown in Figure 3.6, the performances are rapidly
increasing until Top-10 and saturated after it. Also, the time for reranking is linearly increasing when we
increase the K values, and, in Top-10, the reranking mechanism takes only less than 20% time required

for the initial retrieval. These results suggest that it might be beneficial to set the K value as around 10.

Sensitivity Analyses on Architectures To see different architectures of retrievers and rerankers
make how many differences in performances, we perform sensitivity analyses by varying their backbones.
We use available models in the huggingface library®. As shown in Table 3.12, we observe that the pre-
trained backbones by the MSMARCO dataset [259] show superior performances compared to using the
naive backbones, namely DistilBERT and MiniLM, on both retrievers and rerankers. Also, performance
differences between models with the same pre-trained dataset (e.g., MSMARCO-TAS-B and MSMARCO-
Distil) are marginal. These two results suggest that the knowledge required for document retrieval is

also beneficial to fact retrieval, and that DiFaR frameworks are robust across different backbones.

Analyses on Entity Linking While our DiFaR framework is not explicitly trained to predict entity

mentions in the input query and their ids in the KG, during the training of our DiFaR, it might learn

Shttps://huggingface.co/models
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Table 3.12: Sensitivity analyses on architectures, where we change the backbones of retriever and
reranker in our DiFaR2?. MSMARCO in the model name indicates it is pre-trained by the MSMARCO
dataset, and we report results on the WebQSP dataset.

Types Models MRR Hits@1 Hits@10
DistilBERT 0.5983 0.4963 0.7810
Retriever MSMARCO-TAS-B 0.6051 0.4963 0.7844
MSMARCO-Distil 0.6102 0.5071 0.7927
MiniLM 0.6675 0.5945 0.7927
Reranker MSMARCO-TinyBERT 0.7068 0.6420 0.8177
MSMARCO-MiniLM 0.7189 0.6528 0.8385
100 Wikidata 100 Freebase
[ BLINK [ GrailQA
1 ReFinED I DiFaR (Ours)
90 1 I DiFaR (Ours) 90 -
80 - 80 A
70 1 70
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Figure 3.7: Entity linking results, where we measure the performances on benchmark datasets with
Wikidata and Freebase KGs. Note that entity mentions of the SimpleQuestions dataset are not available;
thus, we cannot fine-tune existing entity linkers, which additionally require mention labels, unlike ours.

the knowledge on matching the input text to its entities. To demonstrate it, we measure entity linking
performances by checking whether the retrieved triplets contain the labeled entities in the input query. As
shown in Figure 3.7, our DiFaR surprisingly outperforms entity linking models. This might be because
there are no accumulation of errors in entity linking steps, which are previously done with mention
detection and entity disambiguation, thanks to direct retrieval with end-to-end learning; but also the

fact in the triplet form has more beneficial information to retrieve contrary to the entity retrieval.

3.2.5 Summary

In this work, we focused on the limitations of the conventional fact retrieval pipeline, usually consist-
ing of entity mention detection, entity disambiguation and relation classification, which not only requires
additional labels for training each subcomponent but also is vulnerable to the error propagation across
submodules. To this end, we proposed the extremely simple Direct Fact Retrieval (DiFaR) framework.
During training, it requires only pairs of input texts and relevant triplets, while, in inference, it directly
retrieves relevant triplets based on their representational similarities to the given query. Further, to cal-
ibrate the ranks of retrieved triplets, we proposed to use a reranker. We demonstrated that our DiFaR
outperforms existing fact retrieval baselines despite its great simplicity, but also ours with the reranking
strategy significantly improves the performances; for the first time, we revealed that fact retrieval can

be easily yet effectively done, and we believe our work paves exciting new avenues for fact retrieval.
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3.3 Universal Retrieval Across Heterogeneous Knowledge Bases

3.3.1 Motivation
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Figure 3.8: Overview of the proposed Universal Retriever: given a natural-language query from a user,
it predicts task tokens, conditions on metadata, and generates source-specific retrieval queries (SQL,
SPARQL, or lexical terms) for relational databases, knowledge graphs, and unstructured documents.

While prior retrieval methods address individual classes of knowledge (such as unstructured text
corpora, multimodal documents, videos, or structured knowledge graphs), they assume that all queries
can be addressed with a single homogeneous corpus [183, 138, 184, 185, 21, 17, 22]. However, real-world
information needs rarely conform to a single modality or schema. A single user query may require SQL-
style relational data, SPARQL-style graph relations, textual descriptions, or even multimodal evidence.
As a result, retrieval might become a bottleneck not because relevant information is absent, but because
existing retrievers lack the flexibility to select, access, and integrate the appropriate knowledge source.

However, heterogeneous knowledge bases differ not only in modality but also in schema, granularity,
and access interface. For instance, relational databases require compositional operators over normalized
tables [260, 6]; knowledge graphs expose entities and relations through symbolic triples [82, 32]; and
documents are typically accessed through lexical or embedding-based ranking [183, 184]. In other words,
since each knowledge source mandates a distinct query format, representation space, and retrieval mech-
anism, a single retriever (from existing literature) might not capture these structural differences. As a
consequence, current contextualization approaches (even when paired with strong LLMs) struggle, since
the retriever cannot serve as a universal access layer across heterogeneous knowledge sources, preventing
the model from fully leveraging the breadth and diversity of all the available information.

This motivates a universal retrieval framework that unifies access to diverse knowledge bases while
preserving their heterogeneous interfaces and data structures. Specifically, instead of forcing all knowl-
edge into a single embedding space like DiFaR [21] (in Section 3.2), an approach that often introduces
modality gaps and biases toward sources that resemble the query [18], we propose an any-to-any transfor-
mation framework (called Universal Retriever), where the model is designed to take any natural-language
query and generate the appropriate retrieval request for any knowledge source, together with the corpus-
specific metadata information (if available) needed for accurate query formulation. To be more specific,

the proposed method (1) identifies the most relevant knowledge source for the given query by predicting
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the special tokens for it, (2) interleaves associated metadata (such as schemas for databases) to provide
the structural scaffolding required for valid query formulation for retrieval, and (3) generates source-
specific retrieval queries such as SQL for relational tables, SPARQL for knowledge graphs, or text-based
lookups for embedding-based retrieval of unstructured documents, illustrated in Figure 3.8.

To validate the effectiveness of the universal any-to-any transformation capability of the proposed
Universal Retriever, we conduct experiments across three representative and structurally diverse bench-
marks: Spider for relational databases [260], KQA Pro for knowledge graphs [261], and BEIR for un-
structured document retrieval [262]. Empirically, the Universal Retriever then demonstrates remarkably
high source-selection accuracy, consistently produces structurally valid SQL and SPARQL queries, and
yields substantial improvements in retrieval correctness compared to single-modality baselines. These
results confirm that modeling retrieval as the any-to-any transformation is both feasible and effective,

enabling a single retriever to operate robustly across heterogeneous knowledge bases.

3.3.2 Related Work

Information Retrieval Classical information retrieval methods have primarily focused on retrieving
relevant items from the homogeneous corpus, most often unstructured text. For instance, early lexical
methods such as TF-IDF and BM25 [138, 121] establish strong baselines for document ranking, while
neural dense retrievers [79, 80] expand retrieval to embedding-based similarity over large text collections.
Subsequent extensions incorporate non-text modalities (such as images and videos) with modality-specific
encoders [171, 17]. Yet, despite their improvements, they remain designed around a single knowledge
base, where the corpus is assumed to share a unified representation space and access interface. Although
recent efforts attempt to bridge heterogeneous corpora: DiFaR [21] projects the facts (within knowledge
graphs) into a unified embedding space to enable embedding-based retrieval, they still assume that all
sources can be collapsed into a single representation space, leading to the inability to leverage source-
specific constraints (such as symbolic relations or compositional operators). In other words, existing
approaches are not equipped to handle knowledge sources that differ in schema (e.g., knowledge graphs
or relational databases) and their corresponding structural constraints, simultaneously, fundamentally

preventing them from providing universal, schema-aware access across heterogeneous knowledge bases.

Any-to-Any Transformation Large Language Models (LLMs) operate fundamentally as any-to-
any transformation engines (capable of mapping any input sequence to any desired output format), a
principle that has enabled a wide range of capabilities such as code generation, tool invocation, structured
prediction, and symbolic reasoning [7, 8, 9, 10, 11]. Additionally, with this any-to-any transformation
paradigm, prior works on schema-aware text-to-SQL generation and graph query synthesis demonstrate
early forms of the capability of LLMs for retrieval query generation [263, 264, 265, 266]. However, these
works typically study transformations within a single modality or for a specific target interface (e.g.,
only SQL generation). In contrast, the proposed setting of universal retrieval requires an LLM to extend
this any-to-any capability across heterogeneous knowledge sources, each with its own schema, language,

granularity, and access mechanism, enabling a single model to interface with them in a unified manner.

3.3.3 Approach

We begin by describing LLMs, used as a core building block for any-to-any universal retrieval.
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Large Language Models LLMs can be viewed as conditional sequence transducers that map an ar-
bitrary input token sequence x = [x1, Z2,...,Z,] into an output token sequence y = (Y1, Yz« Ym]
by modeling the distribution: pg(y | ) = [[}~; Pe(yt | , y<¢). Under this formulation, the model
can generate both structured and unstructured artifacts, including natural language tokens and symbolic
expressions (such as SQL queries or SPARQL statements), purely through token-level autoregression.
In light of this, we exploit this property as the foundation of the proposed Universal Retriever, which
treats retrieval as the any-to-any transformation problem: given a natural-language query, the model
learns to (1) infer which knowledge base should be accessed, (2) incorporate source-specific metadata

when necessary, and (3) synthesize a retrieval query tailored to the target corpus.

Predicting the Relevant Knowledge Source Given a natural-language query q, the first process of
the Universal Retriever is determining which knowledge base contains the information needed to answer
it. We operationalize this through training the model to predict task tokens: special output tokens that
represent target knowledge sources such as relational databases, knowledge graphs, or unstructured text
corpora. In other words, the model learns to map a query to a specific task token indicating whether

the answer is most likely found in SQL tables, graph-based relations, or unstructured documents.

Interleaving Metadata Information Knowledge sources such as relational databases and knowl-
edge graphs require structural awareness for valid query formulation. For example, SQL generation
requires information about available tables, their attributes, and their relational keys; SPARQL genera-
tion requires knowledge of entities, relations, and triple patterns. To equip the LLM with this structural
scaffolding, we append metadata tokens (i.e., compact schema descriptions or graph summaries) to the
model input. Notably, these metadata tokens are not generated by the Universal Retriever but supplied
externally as part of the retrieval context (after predicting the task tokens), enabling the LLM to reason
over schemas and produce syntactically correct, semantically grounded queries. This design preserves

the heterogeneity of data sources while making them accessible through a unified token interface.

Generating Source-Specific Retrieval Queries Once the Universal Retriever (powered by an LLM)
predicts the correct knowledge source and receives the corresponding structural metadata, it proceeds to
generate a source-specific retrieval query tailored to that source’s interface: for relational databases, the
model outputs SQL statements with appropriate SELECT, JOIN, GROUP BY, and WHERE operators;
for knowledge graphs, the output is the SPARQL query with triple patterns and variable bindings; for
unstructured corpora, the model may emit a list of lexical query terms (that could potentially be enriched
from original queries) for embedding-based retrieval. After that, the generated retrieval query is executed
over the selected knowledge source (from the task tokens) using its native interface, thereby retrieving the
corpus-specific evidence. We emphasize that our Universal Retriever accomplishes this entirely through
autoregressive decoding (leveraging both the predicted task token and the appended metadata tokens as
inputs for query formulation), which means this unified procedure allows it to function across structurally

diverse knowledge bases without forcing them into a single retrieval mechanism.

3.3.4 Experiments

We validate the Universal Retriever on a suite of benchmarks designed to test its ability to operate

across heterogeneous knowledge bases, each characterized by distinct schemas and retrieval mechanisms.
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3.3.4.1 Data

We evaluate the Universal Retriever across three representative and structurally diverse benchmarks:

» Relational Databases: Spider [260] contains 200 databases (with 138 different domains) and 10,181
natural-language questions that require generating SQL queries involving multiple tables, joins, ag-
gregations, and nested operations. This dataset is designed to test the capability of the model to

synthesize SQL expressions (alongside the metadata tokens retrieved from the predicted task tokens).

o Knowledge Graphs: KQA Pro [261] consists of natural-language queries over a large-scale Freebase
knowledge graph [82], requiring multi-hop reasoning and symbolic relation traversal. Notably, retrieval
is performed through SPARQL, and queries should be constructed using appropriate triple patterns.
This benchmark is designed to evaluate whether the model can produce valid SPARQL queries.

o Unstructured Documents: BEIR [262] is an extensive benchmark consisting of various unstruc-
tured text retrieval tasks, operating through lexical or embedding-based similarity search. Compared
to other corpora, the model should emit lexicalized query expressions (rather than structured symbolic

forms), which tests whether the model can fall back to text-based retrieval when appropriate.

3.3.4.2 Baselines and Our Model

We compare the proposed Universal Retriever against a simple yet representative baseline setup:
Single-Modality Retriever, which assumes access to only one knowledge source at a time and therefore
cannot select or interface with heterogeneous corpora. In contrast, our Universal Retriever is a single
model designed to cover different knowledge sources, which infers the target knowledge base through task-

token prediction, incorporates metadata tokens for schema-awareness, and generates retrieval queries.

3.3.4.3 Evaluation Metrics

To evaluate the effectiveness of the Universal Retriever, we measure performance along two dimen-
sions. First, we assess task-token prediction accuracy, which quantifies whether the model correctly
identifies the target knowledge source required for a given query. Second, we measure retrieval-query
correctness by comparing the generated SQL, SPARQL, or lexicalized queries against the ground-truth

queries (i.e., a generated query is considered correct if it is equivalent to the reference from benchmarks).

3.3.4.4 Experimental Results and Analyses

Task-Token Prediction Accuracy We first measure the capability of the model to determine which
knowledge base should be accessed for a given natural-language query. Then, the proposed Universal
Retriever achieves 99.00% task-token prediction accuracy, indicating that it can reliably infer which
knowledge base contains the information needed for a given query. Notably, this high accuracy is crucial,
as an incorrect source prediction would propagate errors downstream, preventing valid query generation

regardless of the query formulation capability of the model. In addition,

Retrieval-Query Correctness We next assess whether the Universal Retriever can generate retrieval
queries that are equivalent to the gold-standard reference queries (i.e., structurally valid and semantically
correct) across different corpora. Then, we observe that compared to a single-modality retriever (which is
limited to one corpus-specific interface and therefore cannot adapt to heterogeneous data sources), which

achieves the performance of 33.33%, our Universal Retriever improves this to 56.93%, demonstrating that
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explicitly modeling retrieval as an any-to-any transformation leads to significantly more accurate query
generation. Furthermore, to understand the upper bound of the query formulation capabilities of the
Universal Retriever, we evaluate an oracle setting in which the model is provided with the correct task
token during inference (i.e., perfect knowledge-source identification). Under this condition, the Universal
Retriever achieves a correctness score of 63.33%, indicating that while the model is already highly effective
at selecting knowledge sources, providing perfect routing signals removes the remaining ambiguity and

allows the LLM to focus solely on generating precise, source-specific queries.

3.3.5 Summary

In this work, we introduced the Universal Retriever, a unified framework that treats retrieval as an
any-to-any transformation problem and enables a single LLM to interface with heterogeneous knowledge
bases in a schema-aware manner. In particular, by decomposing the retrieval process into three stages:
predicting the relevant knowledge source through task tokens, conditioning on corpus-specific metadata
information (when available), and generating source-specific retrieval queries, the proposed framework
provides a principled mechanism for accessing relational databases, knowledge graphs, and unstructured
text corpora within a single model. Empirically, the Universal Retriever achieves high source-selection
accuracy and substantially improves retrieval-query correctness compared to single-modality approaches,
demonstrating that modeling retrieval as an any-to-any transformation is both feasible and effective.
These findings collectively highlight that a transformation-centric view of retrieval not only preserves
the structural heterogeneity of diverse knowledge sources but also unlocks a scalable and generalizable

pathway toward universally accessible retrieval systems, opening exciting avenues for future work.
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Chapter 4. Contextualization in Real-World Applications

4.1 Knowledge-Augmented Model Contextualization

for Personalized Contextual Query Suggestion

4.1.1 Motivation
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Figure 4.1: Tllustration of the Knowledge-augmented large Language Model for Personalization (K-
LaMP) framework for contextual query suggestion. (A) A user’s search context includes a current query
and a page being viewed. (B) The user has knowledge of medicine, extracted from past search activities.
(C) Conventional query suggestion with naive LLMs generates a query unrelated to the user’s knowledge
and the context. (D) K-LaMP suggests a query that is personally and contextually relevant.

Large Language Models (LLMs) [267, 123, 102, 268, 40, 113] are multi-billion parameter models
trained on massive corpora, capable of internalizing general knowledge across diverse domains [28, 269].
This capability allows them to generate plausible, reasonable, and helpful outputs in response to user
inputs that been leveraged with impressive results for a diverse range of natural language tasks, including
question answering and dialogue generation, even without any task-specific training [123, 268, 113].

However, customizing LLMs to generate personalized responses, which take into account the individ-
ual preferences, needs, knowledge and context of users, with the goal of making them more meaningful
and relevant to each user, remains challenging, due to the fact that re-training or fine-tuning LLMs
for individual users is prohibitively expensive. Meanwhile, for some applications, such as query sugges-

tion [270, 271], item recommendations [272, 273|, snippet generation [274] or question answering [275],
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reflecting personal preferences, knowledge and needs of users in the model’s outputs is essential.

Several recent studies [276, 277, 278, 279, 280, 281] have tackled the problem of LLM personalization
through augmenting the user’s input with relevant information, with in-context learning [267, 282, 283,
284]. For example, in order to suggest the next item that the user may interact with, they prepend a
sequence of their past item interactions into the LLM’s input [285, 281]. Due to the often large volume
of users’ historical information, more recent work [286, 287, 288, 289] proposes to inject only a fraction
of the most relevant history by retrieving it from a complete interaction memory. Such retrieval-based
personalization, while demonstrating success on several tasks including product recommendation and
writing assistance [285, 289, 286, 290], remains ill-suited for more challenging personalization scenarios
where a deeper understanding of users’ personal knowledge is crucial. Meanwhile, some studies [291, 292]
enable personalization through construction of deep user profiles that are then incorporated into LLM
prompts. Nevertheless, such profile-based personalization captures user knowledge at the cost of privacy
and scalability, requiring online modeling beyond the capabilities of existing logging infrastructure.

Thus, in this paper, we introduce a novel approach to personalizing the output of LLMs. Our method
revolves around an entity-centric light-weight personalization layer that enables knowledge-augmentation
of LLMs with contextual entities retrieved from a personal knowledge store. This knowledge store is
derived from existing search logs that capture users’ interactions with modern search engines. Specifically,
this store is built over time by aggregating entities that appeared in queries that the user issued, or web-
pages that they browsed, and is further enhanced by different views that capture the entities the user
may be familiar or unfamiliar with, and those that may have recently lapsed from their memory.

This entity-centric personalization strategy has several advantages. First, contextually relevant
retrievals from this entity-centric knowledge store encourage LLMs to generate outputs that are more
deeply grounded in what users know and care about as compared with linearly stored past query logs.
At the same time, it largely relies on already existing logging infrastructure, which means that it is more
amenable to privacy, flexibility and scalability considerations than profile-based personalization, as it
reduces data collection, modeling and update overheads. Also, thanks to its light-weight design, our
approach offers easy integration with existing LLMs for other personalization tasks, both in search [274,
275] and beyond [286, 290]. Finally, our knowledge augmentation method is cost efficient since the
knowledge injection employs entities as atoms. This results in minimal, succinct additions to the prompt,
unlike other LLM contextualization approaches that operate over raw text [282, 283, 284]. We refer to
our framework as Knowledge-augmented large Language Models for Personalization, or K-LaMP.

While our method of personalizing LLM outputs is broadly applicable to problems in search (and
beyond), it is especially relevant to tasks that require modeling the knowledge of users in addition to their
interests. One such task is a new variant of query suggestion [293, 294, 295, 296], called conteztual query
suggestion. In this variant, a system must recommend queries to a user conditioned on a web-page they
are currently reading, in addition to their historical query information. Thus, in this setting, knowing
a user’s domain of expertise and proficiency about a particular topic can lead to substantially different
suggestions, as shown in Figure 4.1. We note that contextual query suggestion is different from existing
context-aware query suggestion in the literature [297, 298, 299, 300], since the latter neither conditions
recommendations on the body of the web-page being viewed by the user, nor explicitly captures the user’s
knowledge, instead focusing on surface-level relationships between queries and pages, or their titles.

In our study, we validate the effectiveness of K-LaMP for contextual query suggestion, using real-
world search logs from the Bing search engine [301], which is also used to construct our entity-centric

knowledge store. On a battery of tests conducted via human evaluation, we find that K-LaMP sub-

67



stantially outperforms several LLM-powered (contextual) query suggestion baselines in generating rec-
ommendations that are better related and more useful to individuals, while maintaining high search
result quality. Further analyses demonstrate that K-LaMP retrieves contextually relevant knowledge in
a highly effective manner, and continues to become more performant as longer user interaction histories

are processed and stored, neither of which other baselines are capable of doing.

4.1.2 Related Work

Large Language Models Language models [26, 37, 39, 27], which are pre-trained on unannotated
text corpora using Transformer architectures [36] based on self-supervised learning objectives, have been
shown to acquire knowledge from text corpora [28, 269, 42] and have been successfully used for various
natural language tasks, such as question answering and dialogue generation tasks [108, 302]. Recently,
Large Language Models (LLMs) [123, 268, 113], which are scaled-up versions of language models, have
demonstrated the capability of handling diverse language tasks across various domains. In particular,
LLMs have shown increased capacity for knowledge acquisition and retention thanks to their very large
number of parameters [303, 304], as well as a remarkable ability to generalize across new domains with
no need for additional task-specific fine-tuning and training data [46, 45]. Moreover, they are able to
understand the context of given inputs and then generate contextually coherent responses, allowing users
and system designers to easily customize LLM responses through prompt engineering [282, 283, 284].
For example, to generate factually correct answers in response to input questions, existing work [93, 15,
112] typically augments the internalized knowledge in LLMs with externally relevant factual knowledge
related to questions. However, while they can effectively provide generic responses that may apply to a
broad range of users, it remains challenging to generate personalized responses that capture the unique

preferences, needs, and knowledge of individual users.

Large Language Models for Personalization In order to yield outputs that are customized to
individual users, recent studies [305, 306] propose to personalize the generations of LLMs, with applica-
tions spanning various tasks and domains. These include product or content recommendations [285, 289,
307, 308], dialogue generations [288, 287], writing assistants [286, 290], and even robotic systems [309].
Specifically, early work [276, 277, 278, 279, 280, 281] proposes to incorporate the historical sequence of
the user’s interactions (e.g., recent purchase logs of items) into LLMs prompts, thereby allowing LLMs
to generate outputs that are personalized (e.g., next item recommendation). While this simple, linear
injection mechanism can effectively provide LLMs with relevant contextual information for personaliza-
tion, it is limited by often very large interaction histories which exceed the capacity of LLM prompt
windows. Also, not all of this history is relevant to every query. Based on this observation, recent
work [286, 287, 288, 289] instead retrieves relevant content from an external memory [310] that stores
the user’s historical information. A few studies [287, 290] go a step further, processing the information in
the interaction memory — for example, with summarization or key-word extraction — to gain higher-level
insights from the user’s history when contextualizing LLMs for personalization.

Unlike prior work in LLM output personalization that focuses largely on modeling the interests of
users, our work additionally targets their knowledge over topics and domains of interest. Accordingly,
rather than only leveraging the linearly stored interaction histories of users, we build a personal knowledge
store consisting of entities mined from search queries and page visitations. This mechanism, which
provides a lens through which user knowledge can be captured, has two additional advantages: it enables

light-weight personalization by retrieval from the knowledge store without requiring explicit profiling of
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Figure 4.2: Overview of K-LaMP. The inputs to the system are (A) previous search logs and (B) the
current search context of a user, which consist of a query and an associated web-page. (C) Each search
record is stored in a memory stream along with a time stamp. (D) The entity-based knowledge store is
constructed by aggregating entities extracted from the memory stream. (E) K-LaMP augmented with
entities retrieved from the entity-based personal knowledge store, generates query suggestions that are
compatible with the user’s knowledge and interests.

users [291, 292]; the knowledge represented as entities is succinct, thereby leading to efficiency gains

through reductions in input context length when compared with existing contextualization work [284].

Search Query Suggestion The goal of query suggestion is to recommend new queries of potential
interest to users, based on current and previous queries in and across search sessions. This task is both
highly practical and useful, having been shipped in web-scale search engines such as Google and Bing,
as well as been widely applied to other tasks and domains, such as task-oriented search [311, 312] and
recruitment platforms [313]. Early work on query suggestion has used frequency-based statistical (prob-
abilistic) methods, which include Markov or LDA models [314, 297, 315, 316, 317]. More recently, neural
network methods based on recurrent or attention-based architectures [293, 318, 294, 295, 298] have been
leveraged to better model past query sequences and generalize to unseen and long-tail queries. Meanwhile,
other studies have proposed to improve training strategies by performing either multi-task learning with
a document ranker [299, 300, 296] or reinforcement learning [319]. Finally, other recent work [320, 321]
uses pre-trained LMs [26, 322] to achieve superior performances with larger model capacity.

In comparison to prior work on query suggestion, we tackle the novel but practical task of contertual
query suggestion, where recommendations are additionally conditioned on the web-page a user is currently
viewing. This task is notably different from existing query suggestion work that leverages previously
clicked pages [297, 298, 299, 300] only through surface-level association (such as relationships between
past queries and page titles), because it requires contextualizing the full text of the page. This novel
task is of particular interest to us because it exposes the need for personalized models that recommend

queries based not only on what users are interested in, but also on what and how much they know.

4.1.3 Approach

In this section, we now introduce our approach to generating personalized outputs using a novel
knowledge-augmentation method for LLMs and our entity-centric personal knowledge store. We also

detail its application to the novel task of contextual query suggestion.
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4.1.3.1 Problem Statement

We begin with preliminaries, introducing LLMs and the problem of contextual query suggestion.

Large Language Models Let us define an LLM as a model, parameterized by 6, that takes both
an input sequence of tokens * = [x1, T2, ..., Tn] and a supplemental sequence of context tokens ¢ =
[c1,C2y ...y Ck] as a prompt, and then generates an output sequence of tokens y = [y1,Yzy-ees Ym]-
Then, formally, the inference of an LLM can be represented as: y = LLMg(x, c). Here, 0 is the set of
fixed model parameters typically pre-trained on massive text corpora; x is a task-dependant user-issued
prompt or set of instructions; and ¢ is some additional context provided by an auxiliary system that helps
augment, ground, or otherwise improve the quality of the input, so that the LLM is able generate outputs
y more effectively. This paper particularly focuses on the nature of ¢ for the task of contextual query

suggestion defined below, and with the use of entity-centric knowledge for more personalized outputs.

Contextual Query Suggestion Before formalizing Contextual Query Suggestion, we first define
the task of conventional Query Suggestion. Let g; be the most recent query issued by a user and
ar. = [q1, 92, ---,qj—1] be a sequence of their historical queries. Then, a query suggestion model QS aims
to predict new queries g;;1 that an individual user with current query g; and query history g might
be likely to find useful. This process can be summarized as follows: qj+1 = QSg(qj, gn)-

Contextual query suggestion expands on this definition to incorporate a broader set of context ¢ =
[c1, C2y ..., Ck] linearized as sequences of text. Specifically, let us first assume that @ is an input query:
x = g;j. Then, g, € ¢, meaning that the query history is one of the contextual signals capable of being
leveraged for query suggestion. In this task, the text of a web-page w currently being consumed by the
user is also included in ¢: w € ¢. Formally, this task can be summarized as follows: g;1 = QSg(x, c)’.

In this work, we attempt to solve the problem of contextual query suggestion by leveraging a
knowledge-augmented model to yield more personalized outputs. Formally, for g1 = QSg¢(x,c), we
set QS to be an LLM (e.g., GPT-4 [123]) and include aggregated entity-centric knowledge from users’
historical interactions in the context ¢, in order to generate better recommendations g;.1, as measured

by a set of personalization-focused metrics (see Section 4.1.4.3).

4.1.3.2 Knowledge Store for Output Personalization

We now discuss our knowledge-augmented LLM framework for personalization and describe two
instantiations of this framework.

Recall that the supplemental context of an LLM c is provided by auxiliary sources or systems that
help enrich the input prompt to the model. According to our goal of personalizing the LLM outputs,
these auxiliary sources should ideally consist of data that captures the personal preferences, interests,
and knowledge of users. Thus, if IC is a knowledge store that encapsulates these user-specific data, and
k € K is a contextually relevant subset linearized as text, then, for contextual query suggestion, the
context ¢ can be defined as follows: ¢ = [gn, - w - k], where [-] is the concatenation operation.

Given this general formulation, the important questions to answer are:

1. How is the personal knowledge store K constructed? and

2. How are contextually relevant items k retrieved from the knowledge-store IC.

We answer both of these questions below, focusing on construction first and retrieval next.

1Without the hard requirement of an input web document included in ¢, this definition may be relaxed to capture prior
work on context-aware query suggestion [297, 298, 299, 300].
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Constructing Personal Knowledge Stores While a variety of sources may be used to construct a
compendium of what a user cares about and knows, in this paper, we leverage their interaction histories
with a web search engine. We argue that this is a natural choice given that users express goals, desires,
interests, and depth of knowledge both explicitly and implicitly through issued queries, clicked web-pages,
consumed content and behavioral patterns over time. It is also an especially relevant source of knowledge
for contextual query suggestion, where generating helpful search suggestions from search histories is the
eventual goal of the task. Given this source, we build two distinct instantiations of the knowledge store
KC: a simple variant that linearly captures historical user queries and browsing patterns (Ks), and an

entity-centric variant that aggregates users’ personal interests and knowledge (KCe).

Personal Knowledge Store from Search History (/IC;) The intuition behind this instantiation
of the knowledge store ICq, is that users issue queries and click on web-pages that they are interested in
or care about. And, when accumulated over time, these also start to construct a picture of what users
know and how deeply do they know them. For example, if a user issues multiple queries over time that
include “Machine Learning”, “ML”, “Optimization”, “SGD”, “Deep Learning” and clicks a number of
web-pages resulting from these queries, we can assume that this user is at least familiar with the general
concept of “Machine Learning”.

In order to operationalize this intuition, we construct a time-stamped memory stream consisting of
the queries issued by users and the web-pages associated with the results they clicked on (see Figure 4.2).
Note that this is an extremely light-weight instantiation of the knowledge store, being only a partial view
of user actions and interactions already logged by modern web-scale search engines. As a result, there are

no privacy or scalability concerns beyond those already inherent in the search engine’s logging system.

Personal Entity-centric Knowledge Store (K.) While building a memory stream over users’
search histories is simple, there are a few limitations that stem from its design. Firstly, because search
queries and web-page visitations are stored and retrieved linearly, it is difficult to perform aggregations
on the fly. Yet, such aggregation can be greatly beneficial for personalization. For example, knowing that
a user clicked on web-pages associated with “Machine Learning” multiple times, while only clicking on
a single web-page stemming from the query “Computational Biology” would tend to indicate a greater
affinity for and knowledge of the machine learning subject. Other issues include the fact that individual
web-pages visited by a user may contain mixtures of several different topics and domains, distracting
LLMs in generating outputs consistent with the context, and the fact that including large amounts of
text from lengthy web-pages renders LLM usage slow and expensive.

In order to address these concerns, we construct an entity-centric instance of the knowledge store
K. (see Figure 4.2). Entities are useful atoms for capturing the interests and knowledge of users because
they consist of the nouns (proper or otherwise) that describe the people, places, organizations, topics
and domains that the users care and know about. Additionally, because they tend to be relatively short
and easy to aggregate, and because entity recognition and linking [323, 255] are well-studied problems,
the process of operationalizing the creation of this store is greatly simplified.

We employ an off-the-shelf state-of-the-art entity linking system [324] to tag and canonicalize the
entities that appear in the search queries and associated web-pages visited by users. While individual oc-
currences of entities in the knowledge store are time-stamped, additional aggregation is done by counting
the number of occurrences of entities in full user interaction histories.

While this entity-centric knowledge store instantiation /ICe may not be as minimalist as ICg, it is still
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relatively light-weight when compared with systems that personalize through the construction of deep
profiles. The solution is scalable since the only external dependency is an existing entity linker, which
can typically process thousands of tokens per second. Additionally, privacy concerns are also small
because entity linking projects and aggregates mentions in text onto sub-graphs of public knowledge
bases (e.g. Wikipedia). Aggregation of entity occurrences lends itself naturally to common privacy
mitigation practices such as k-anonymization [325]. Additionally, records are amenable to easy removal

upon request by simply eliminating associated entities from the store.

Contextual Retrieval from Personal Knowledge Stores We now turn to the question of retriev-
ing contextually relevant items k from a knowledge-store IC, conditioned on an input query g; and a
document w that the user is currently interacting with. A carefully considered retrieval step is essential
in augmenting the capability of LLMs to produce personalized outputs, since it grounds generation in
the historical interests and knowledge of users. In the following, we show how retrieval is performed for
both instantiations of the knowledge store ICs and ICe.

In the case of IC4 over users’ search and browsing history, retrieval is done by finding and returning
the most similar queries and previously visited web-pages to the current input x. In practise, the queries
are then elided from this result since they yield little benefit over the much longer text present in web-
pages. To operationalize the retrieval step, we first represent all records in the knowledge-store IC4 using
embeddings, then compute embedding-level similarities with the representation of current query g; using
Contriever [139]. The most similar records k are finally returned.

Meanwhile, for the entity-centric knowledge store ICe, retrieval is conditioned on the entities present
in the current query g; and the web-page w, which are further matched against KC.. Given that entities
are atomic units with associated counts and time-stamps, the matching and retrieval process can be
operationalized in flexible ways (See Figure 4.2). We particularly explore three strategies for matching
entities: familiar (entities frequently encountered by the user), unfamiliar (entities the user has encoun-
tered infrequently or not at all), and lapsed (entities that the user used to encounter previously but
hasn’t done so more recently). Specifically, for familiar entities, we sort the entities appearing in the
search context [x - w] by frequency of occurrence in the knowledge store K., then sample 5 entities
proportionately to their frequency. For unfamiliar entities, a similar process is used for sampling, except
that entities are sorted inversely with respect to their occurrence in ICe. Finally, for lapsed entities, we
start by filtering entities in [« - w] by time-stamp to retain only those that occur in K, but haven’t been
engaged with in the preceding two weeks. Then we sample from this filtered set of entities by frequency,

much like we do with familiar entities.

4.1.4 Experiments

We first outline the datasets and models used in evaluation setups, as well as implementation details.

4.1.4.1 Data

We use real large-scale search logs from the Bing search engine [301]. Specifically, we sample three
months of search logs, from May 01, 2023 to July 31, 2023. We then filter and sample this dataset to
make it suitable for evaluating our task, which includes the following steps. First, because the task we
are tackling is contertual query suggestion — i.e., recommendations are predicated on a current web-page

the user is viewing — we filter out sessions that do not contain any clicked search results. We further
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filter the data to discard click events that lead to pages in domains other than Wikipedia or a curated
set of 500 high-traffic news publishing sites. We do this because the entity linker [324] we use maps
onto Wikipedia, and we want to maximize the chances of encountering linked entities. It is worth noting
that K-LaMP itself is agnostic to the choice of the linker or its underlying knowledge graph, and our
approach could readily be applied to a different domain, for example, using a linker over a product
graph for shopping. Finally, we filter the remaining data to discard users who had fewer than 100 page
visitations for three months, who we assume are infrequent search users. In addition, we perform and
apply enterprise-level privacy checks and filters, such as using search queries requested from at least 50
individuals, to ensure that the data remains suitably anonymized.

The resulting data is still extremely large; therefore, we further randomly sample a subset of 1,000
users in order to get the benchmark set that forms the basis for all the evaluations we perform in this
paper (Section 4.1.4.3). This final dataset, on average, contains 493 queries, 109 sessions, 177 clicked
articles, and 3,053 encountered entities per user. For testing, we split the dataset and reserve the most
recent 10 sessions of every user as prediction targets for contextual query suggestions and use all the
earlier sessions to build search-and-browsing based (KCs) and entity-centric (KC.) personal knowledge

stores for users, as described in Section 4.1.3.2.

4.1.4.2 Baselines and Our Model

We compare our approach to knowledge-augmented LLMs for output personalization against several
relevant baselines that make query suggestions based on the search context of users. We note that, for the
fairest comparison, all baselines and our model use LLMs (specifically GPT-4) to make query suggestions.
Notably, we do not include prior query suggestion approaches based on older modeling techniques (e.g.,
RNNs or BART [293, 320]) in our experiments due to their limited capacity for understanding longer
context and complex data inputs, particularly without dedicated training data (the framework we propose
needs none). Also, these query suggestion techniques are not designed to handle longer contexts such as
the web-page a user is currently viewing, thereby making a direct comparison trivially relevant at best.

The models evaluated in this work are listed as follows:

1. Query Suggestion — which uses a current query g; and historical queries from g in the same

session to suggest the next query qj;1;

2. Contextual Query Suggestion — which is similar to Query Suggestion, but further conditions

the recommendation of the next query g;+1 on a web-page w, clicked from the current query gj;

3. Contextual Query Suggestion w/ ICs — which includes retrievals from the knowledge store
ICs over users’ historical search and browsing activities, as additional context to personalize the
outputs of the LLM;

4. K-LaMP — which is our full model that augments LLMs with entity-centric knowledge from the
knowledge store IC in order to perform contextual query suggestion.
4.1.4.3 Evaluation Setup

To evaluate the effectiveness of different query suggestion models on generating personalized out-
puts, a suitable evaluation metric should ideally not only capture whether the suggested queries are
contextually relevant, but also whether they align well with the user’s interests and knowledge. Given

that contextual query suggestion is a novel problem we propose in this paper, no existing evaluation
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Table 4.1: A manufactured example showing the type of data that was provided to human judges.

Types Texts

Query Tim Cook

Session Apple, Tim Cook

Article Tim Cook Leadership: A new profile examines how Apple CEO Tim Cook, with

"cautious, collaborative and tactical" leadership, honed the Cupertino tech giant
into the world’s largest company. (...)

Trending entities ‘GPT-4’, ‘OpenATl’, ‘Google Bard’, ‘Microsoft Copilot’, ‘Elon Musk’, ...

Personal summary The user is interested in Apple products and technology ("Macbook’, 'macOS’,
and ’Apple TV’). They have a keen interest in ML, with topics like *Supervised
Learning’ and ’Optimization’. Additionally, they enjoy animation, showing in-
terest in 'Studio Ghibli’, "Walt Disney’, and ’Pixar’. Their preferences also ex-
tend to home entertainment ("DVD’ and "THDTV”). Lastly, they follow baseball
(‘MLB’ and 'New York Yankees’).

Personal entities ‘Macbook’, ‘macOS’, ‘Machine Learning’, ‘Optimization’, ‘Supervised Learning’,
‘Apple TV’, ‘Animation’, ‘Studio Ghibli’, ‘DVD’, ‘Walt Disney’, ‘Pixar Anima-
tion Studios’, ‘Apple Inc’, ‘Baseball’, ‘HDTV’, ‘Major League Baseball’, ‘New
York Yankees’, ...

metrics are available for the task. In particular, metrics for evaluating conventional query suggestion
are not applicable here because they do not account for the full context present in our task — namely
the input document being consumed by the user. Therefore, we turn to human evaluation in order to
measure and compare the different models on our experimental benchmark.

It is worth noting that human evaluation of any form of personalization is difficult, since the person
performing the evaluation is rarely the person from whom the data originated. Short of flighting and
A/B testing our system in a real-world setting — an engineering endeavor well beyond the scope of the
scientific exploration in this paper — any evaluation on our task and dataset must be bounded by this
constraint. Nevertheless, we attempt to provide annotators with as much information as possible in
order to understand both the user’s current search context and their personal interests and knowledge
(see Table 4.1 for an example). In particular, to summarize the current search context for annotators,
we show them the current and previous search queries of a user in a given session, the web-page the
user clicked on after issuing the current search query, and a list of 20 trending entities which capture
statistical surges in search volume across users. Additionally, in order to present an encapsulation of the
personal interests and knowledge of users, we show annotators a list of the 30 most frequent entities from
the user’s personal entity-centric knowledge store, as well as a GPT-4 generated summary from these
entities that states what topics or domains the user may know or care about much.

Presented with this data and recommended queries from the different baselines and our model (where
the system names are obscured to annotators), a human judge is asked to evaluate the following three

metrics on a 3-point Likert scale?:

1. Validity — whether an output query can be input into a search engine and be expected to yield

relevant results;
2. Relatedness — whether the output query relates to the user’s personal interests and knowledge;

3. Usefulness — whether the user is likely to click on the output query, given their historical interests

and knowledge as well as their current search context.

2The 3-point Likert scale is composed of agree (2), neutral (1), and disagree (0).
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Table 4.3: Main results on our contextual query suggestion task. The best results are marked in bold.

Types Models Validness (1) Relatedness (1) Usefulness (1) Ranking (])
Query Suggestion 1.769 0.962 0.948 2.736

Baselines Contextual Query Suggestion 1.966 1.267 1.245 2.415
Contextual Query Suggestion w/ ICg 1.822 1.192 1.166 2.654

Ours K-LaMP (Ours) 1.966 1.482 1.455 2.160

Finally, we also ask the annotators for a fourth measure: 4. Ranking — where the outputs of the different
systems are ranked according to the order in which they are likely to be clicked, based on their affinity
to the user’s interests, knowledge, and search context. Collectively, these four metrics capture how good
the different query suggestions are, — both individually and in relation to one another — but also how well
they align with the personal aspects of our evaluation task; namely, what users care about and know.

To perform evaluations with human judges, we recruit 12 annotators in India through a third-party
vendor company [326]. They were provided with a guideline document, which includes instructions
for the task, metrics and some annotated examples, and they were paid $11.98 per hour for the time
they spent working on the task. Over several rounds of judgement and refinement, we obtain manual
evaluation results for 1,309 sets of contextual query suggestion results from all four models listed in
Section 4.1.4.2 (effectively a total of 5,236 annotations for individual query suggestions).

Additionally, to validate the quality of anno-  maple 4.2: Results of inter-annotator agreements on
tations and to measure inter-annotator agreement, all query suggestion results evaluated by annotators.

approximately 27% of the data is annotated by

. . 1. Agreements Metrics Scores

two human judges. Specifically for Validity, Re- £ M
latedness, and Usefulness, we measure an exact Validness 0.963
Exact match Relatedness  0.850

match score, which checks often annotators pro-
Usefulness 0.819

vide the same score on the 3-point likert scale,and -~~~ -~~~ ~"~""7-------"-“"==------~~°~
Validness 0.606
Cohen’s kappa coefficient [327] which addition-

Cohen’s kappa coefficient Relatedness  0.652
ally discounts for chance agreement. For Ranking, Usefulness  0.622
we report Spearman’s correlation coefficient [328], Spearman’s correlation coefficient Ranking 0.654

which measures the correlation between two sets
of ranked systems, averaged across pairs of users and data instances. As shown in Table 4.2, inter-
annotator agreement is moderate to high, indicating that judges are in fact able to make reasonably
informed decisions about personalized contextual query suggestion from the data we provide them with.
Finally, regarding implementation details, we use the GPT-4 [123] release from June 13, 2023, as
the basis for query suggestion across all baselines and model variants, for a fair comparison. We set the
hyperparameters of GPT-4 as temperature = 0.7 and top,, = 0.95. The entity linker used to construct
instantiations of the knowledge store is NEMO [323, 324]3.

4.1.4.4 Experimental Results

We now present experimental results and report findings from various auxiliary studies and analyses.

Main Results Our main results are shown in Table 4.3. This confirms that our K-LaMP framework

consistently and significantly outperforms all other baselines across Relatedness, Usefulness, and Ranking

3We eschew more recent LM-based entity linkers [255, 254] since they have restrictive input token limits that are often
exceeded by inputs in our scenario.
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Table 4.4: Results of different retrieval strategies on Retrieval Relevance to the user’s search context.

Retrieval Types Retrieval Relevance (1)
History-based Retrieval (IC) Past Documents 0.299
Familiar Entities 0.936
Entity-centric Retrieval (ICe) Unfamiliar Entities 0.810
Lapsed Entities 0.849

Analysis on Variants of Our K-LaMP

2.0 1 I Contextual Query Suggestion
I K-LaMP w/ All Entities
[ K-LaMP w/ Familiar Entities
[ K-LaMP w/ Unfamiliar Entities
o [0 K-LaMP w/ Lapsed Entities
S
S 1.5
9)]
1.0 -

Validness Relatedness Usefulness

Figure 4.3: Results of variants of K-LaMP on knowledge retrieval strategy, and results without retrieval.

metrics. While it ties Contextual Query Suggestion on Validity, this finding is overall a positive albeit
somewhat expected — since, intuitively, inclusion of personal context does not necessarily lead to queries
that are more wvalid for search engine retrieval. Also, there are other interesting insights that can be
gleaned. Contextual Query Suggestion with ICs does not outperform Contextual Query Suggestion. We
hypothesize that this is because the information retrieved from the memory store (ICs) has poor relevance
to the current search context, leading to spurious augmentations that distract rather than help the LLM.

To investigate this hypothesis further, we conduct a supplementary evaluation, which asks human
annotators to rate the information retrieved from knowledge stores for a particular search context (see
Section 4.1.3.2 for details). Specifically, we report Retrieval Relevance from both instantiations of our
knowledge stores in Table 4.4. This metric is the average score from a Yes/No question: whether the
retrieved context is relevant to the current search context (1) or not (0). As shown in Table 4.4, the
quality of retrievals from the entity-centric knowledge store is superior to those from the linear search
history-based store. This is because we have far greater control with entities being the atomic units of
the knowledge representation space, and are able to exactly match entities in the context against entities

in the store, rather than rely on a fuzzy similarity-driven retrieval process with a dense retriever [139].

Ablation over Entity Matching Strategies Recall that K-LaMP relies on a combination of match-
ing and retrieval of several different types of entities from its entity-centric knowledge store, namely:
familiar, unfamiliar and lapsed entities (see Section 4.1.3.2). In order to individually measure the con-
tribution of each strategy, we generate knowledge-augmented query suggestions on 313 search contexts
using only one type of entity and ask human annotators to evaluate the results on Validity, Relatedness,
and Usefulness. The comparative results are presented in Figure 4.3. Firstly, they reaffirm the fact
that Validity is practically invariant to the choice of knowledge ingestion, since personal information

does not affect whether a query is valid or not. The Relatedness and Usefulness metrics, however, are
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Figure 4.4: Results with different numbers of previous queries (i.e., different memory sizes).

Table 4.5: Results with different LLMs, namely GPT-3.5 and GPT-4.

Methods LLMs Validness Relatedness Usefulness
Q g . GPT-3.5 1.767 1.077 1.069
uery suggestion GPT-4 1.747 1.080 1.060
. GPT-3.5 1.967 1.177 1.202
Contextual Query Suggestion GPT-4 1987 1.367 1.313
GPT-3.5 2.000 1.279 1.303
K-LaMP (Ours) GPT-4 1.983 1.653 1.600

clearly impacted by the choice of entity matching strategy in consistent ways. In particular, using only
“unfamiliar” entities yields the highest scores across both metrics, even outperforming the full K-LaMP
model. This seems to suggest that queries stemming from new (to the user) entities, which implicitly
encourage exploration, are preferred over queries that revisit familiar ground.

While these results are true on this data, we note that real-world users may approach web search
with different goals in mind: such as research, exploration, or revision, and it is difficult for judges to
assess these goals from limited albeit rich data. As a result, we argue that having a comprehensive
approach to capturing different views of the users’ knowledge so that it may be deepened, expanded, or

revived as the use-case may demand, is a robust strategy.

Analysis over Interaction History Length A fundamental assumption in our setup for LLM output
personalization is that we can learn about users as they interact with search engines. A natural follow-up
question to this assumption is to ask how the performance of systems that rely on personal knowledge
change as a function of the length of the interaction history. To answer this question, we conduct an
analysis with varying history lengths and report results in Figure 4.4. From this, we observe again that
Validity is not affected by the length of the interaction history, while Relatedness and Usefulness are.
In particular, K-LaMP is the only model demonstrating consistent improvement with longer interaction
histories, showcasing its ability to grow richer representations of personal interests and knowledge over
time. A reasonable explanation for this increment is the aggregation that happens in K-LaMP’s entity-

centric knowledge store, which contrasts with the linearly stored histories of the other approaches.

Analysis using different LLMs Finally, we conduct an auxiliary analysis to see how the quality of

query recommendations from different systems change if an LLM other than GPT-4 is used. Specifically,
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Table 4.6: Results with automatic evaluation metrics.

Types Validness Relatedness Usefulness
Correlation w/ Human Evaluation 0.445 0.397 -0.016
Query Suggestion 1.784 1.189 0.882
Contextual Query Suggestion 1.891 1.340 0.831
Contextual Query Suggestion w/ ICq 1.828 1.271 0.847
K-LaMP (Ours) 1.910 1.472 0.845

we use the June 13, 2023 version of GPT-3.5-Turbo as the LLM on 128 sets of query suggestions from
two baselines (Query Suggestion and Contextual Query Suggestion) and our K-LaMP framework, and
compare the results with GPT-4; these are shown in Table 4.5. Firstly, Query Suggestion is agnostic
to the choice of LLMs, while Contextual Query Suggestion and K-LaMP are not. This is likely due to
the fact that the latter two approaches must incorporate information from full web-pages as context and
therefore benefit from the representational, reasoning and generative capabilities of the larger model.
More relevant to the contributions in this paper, we find that, even with GPT-3.5-Turbo, K-LaMP
shows comparable performance on the Usefulness metric with the second best model — Contextual Query
Suggestion — despite the latter using GPT-4. This demonstrates the significant edge that an entity-
centric representation of a user’s personal interests and knowledge provides, for knowledge-augmented

personalization of LLMs outputs, with high efficiency of deploying K-LaMP in real-world applications.

Automatic Evaluation Setup and Results While human evaluation is useful for measuring systems
and gaining insights, especially on a new task like the one we introduce, the process is slow and expensive,
and therefore not scalable to bigger datasets, or future extensions. To address these issues, we explore
an initial set of automatic evaluation metrics mirroring the ones described in Section 4.1.4.3 that may
be used in the absence of human judgement. Recall that even human evaluation for tasks that deal
with personalization is non-trivial; therefore, automatically evaluating the outputs of a contextual query
system while conditioning on complex personal preference and knowledge data is very difficult.

Nevertheless, we propose and experiment with the following automatic formulations:

1. Validity — we compute the similarity between the query suggestion output of a system and the
top search result (title and snippet) returned from issuing that query to the web search engine (to

see if the query yields reasonable search results);

2. Relatedness — we measure the similarity between the query suggestion and the set of contextual
personal entities retrieved from the user’s entity-centric knowledge store (to ensure that the query

is grounded in the personal context of the user);

3. Usefulness — we calculate the similarity between the query suggestion and the real subsequent

queries that the user ended up issuing (to compare recommendations against the true actions).

In each of these three metrics?, similarity is computed by calculating the dot product of representations
obtained from Contriever [139].
We validate these automatic evaluation metrics by ranking the systems on the test set, then com-

puting Spearman’s correlation against the ranking obtained by human judgement scores. As shown in

4We don’t specify an automatic measure of Ranking, since this can be done trivially by scoring then sorting systems by
one or more of the other automatic metrics.
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Table 4.6, we find a moderate correlation on Validity and Relatedness, indicating that our proposed
automatic metrics for these measures may be used as proxies in the absence of human labeling. How-
ever, there is no correlation between automatic and human Usefulness metrics. This is expected since
(contextual) query recommendation is not expected to align perfectly with actual user behavior, which
is the basis of our formulation for automatically computing Usefulness; users should be surprised and
delighted by suggestions they would not have otherwise thought about.

There are several ways to improve the automatic evaluation of contextual query suggestion. For
example, we could use another LLM to perform a rubric-based evaluation of Validity, Relatedness and
Usefulness, relying on its capacity to account for complex personal and preferential data. Or we could
train parametrized versions of the automatic metrics we propose on manually labeled data with the goal

of increasing correlation with human judgement. We leave these and other explorations to future work.

4.1.5 Summary

In this work, we proposed a knowledge-augmentation framework for LLM output personalization
called K-LaMP, that leverages historical user interactions with a search engine. The core of the personal
knowledge we used for LLM augmentation relies on a novel light-weight entity-centric personal knowledge
store, constructed from the queries that users issue and the web-pages that they viewed as they search
and browse the web. To stress-test our personalization framework, we focused on the novel task of
contextual search query suggestion, which crucially requires modeling both the contextual interests and
the knowledge of users. Through human evaluation on an extensive test set, we showed that our entity-
centric knowledge-augmented LLM produces personalized query recommendations that are better related
to users’ intent, more useful, and consistently ranked above those produced by several other LLM-powered
query suggestion models. Our findings show that entities are effective atomic units for the representation
of personal knowledge, offering a robust middle-ground of performance, flexibility, privacy and scalability,
when compared with other personalization approaches that rely either on deep profile building or simple
linearization of a user’s historical interactions. K-LaMP has the potential to impact both future research
and product innovation. The use of personalized knowledge-augmentation for other search tasks such as
snippet generation or question answering, the incorporation of other sources of data such as shopping
or media-consumption histories, and the application to domains outside of search such as personal Al
assistants, are all exciting avenues. At the same time, enhanced evaluation remains an important future

goal, with improved automatic metrics and real-world deployment as potential directions for exploration.
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4.2 ResearchAgent: Iterative Research Idea Generation

over Scientific Literature with Model Contextualization

4.2.1 Motivation

(A) Scientific Knowledge Sources
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(...) Here we show that scaling up language models greatly
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Figure 4.5: (A) The scientific knowledge used for research idea generation consists of a paper, its
relationships over an academic graph, and entities within a knowledge store extracted from numerous
papers. (B) Given them, the proposed research idea generation process involves problem identification,
method development, and experiment design. Those are also iteratively refined by reviews and feedback
from reviewing agents, aligned with criteria induced from human judgements.

Scientific research plays a crucial role in driving innovation, advancing knowledge, solving problems,
expanding our understanding of the world, and ultimately improving the lives of people in tangible
ways. This process usually consists of two key components: the formulation of new research ideas and
the validation of these ideas through well-crafted experiments, which are typically conducted by human
researchers [329, 330, 331]. However, this is a slow, effort-intensive process, which requires reading
and synthesizing overwhelming amounts of knowledge over the vast corpus of rapidly growing scientific
literature to formulate research ideas, as well as design and perform experimental validations of those
ideas. For example, the number of academic papers published per year is more than 7 million [332].
Similarly, the process of testing a new pharmaceutical drug requires deep expertise, and is massively
expensive and labor-intensive, often taking several years [333].

In the meantime, Large Language Models (LLMs) [268, 123, 10] have shown impressive capabilities
in processing and generating text, even outperforming human experts across diverse specialized domains
including math, physics, history, law, medicine, and ethics. They are able to process and analyze large
volumes of data at speeds and scales far exceeding human capabilities, have internalized large swaths of

human knowledge from being trained on virtually the entire web, and can identify patterns, trends, and

80



correlations that may not be immediately apparent to human researchers (such as the usage of quantum
mechanics in medical imaging or applying psychological insights in AI). This renders them ideally poised
to become foundational tools to accelerate the two phases of the scientific research process: ideation of
novel research opportunities, and scientific validation of those research hypotheses.

Recent papers in the domain of LLM-augmented scientific discovery have focused on the second
phase. Specifically, they attempt [331, 334, 335] to mainly accelerate the experimental validation pro-
cess, by writing code for machine-learning models, facilitating the exploration of chemical spaces, or
advancing the simulation of molecular dynamics. In contrast, we leverage LLMs in the first phase of
scientific research — specifically idea generation, whose key focus is conceptualizing novel research ques-
tions, methodologies, and experiments. To our knowledge, our work is the first to leverage and evaluate
the capabilities of LLMs to act as mediators in scientific idea generation in an open-ended setting.

Given our goal to build an LLM-powered ResearchAgent, we draw inspiration from how human
researchers position themselves to come up with novel research ideas. We draw distinctions between
three key components of their workflow: a broad and deep understanding of related scientific literature,
an encyclopedic view of concepts and how they relate to one another both within and across domains,
and a community of colleagues on which to rely for feedback and constructive criticism.

We model each of these three aspects in our ResearchAgent. Specifically, in order to imbibe related
work, the system begins with a core scientific paper and then explores a range of related papers through
references and citation relationships. Further, to develop an encyclopedic view of related concepts,
we build and then augment ResearchAgent with an entity-centric knowledge store derived from co-
occurrences of key concepts in the scientific literature. This repository is aimed at capturing novel
underlying relationships within and across domains, thereby increasing the chances of a cross-pollination
of ideas [336]. Finally, to simulate robust feedback mechanisms, we instantiate a number of LLM-powered
ReviewingAgents that help the ResearchAgent to iterate on research idea generation with constructive
critiques. Crucially, these ReviewingAgents are prompted with evaluation criteria that are induced
from real researchers’ judgements, thus aligning them with actual scientific preferential standards. An
illustration of our system is provided in Figure 4.5.

We validate the effectiveness of ResearchAgent for research idea generation based on scientific litera-
ture across multiple disciplines. Then, on a battery of tests conducted with both human- and model-based
evaluations, we demonstrate that ResearchAgent outperforms strong LLM-powered baselines by large
margins, generating more clear, relevant, and significant ideas that are especially novel. Furthermore,
analyses show the efficacy of our comprehensive approach to modeling ResearchAgent: the entity-centric
knowledge store and the iterative idea refinement steps help the system generate meaningfully better
ideas compared with an instantiation that is purely based on prior related work.

These findings highlight the immense potential of Al-mediated research assistants like ResearchAgent
to enhance the ideation process in scientific research. It can support researchers by identifying knowledge
gaps, proposing problem statements, and suggesting potential methodologies in the research process.
Also, it can assist in designing experiments and streamline the writing and refinement of papers by

generating drafts and offering feedback on how to effectively frame contributions and cite relevant work.

4.2.2 Related Work

Large Language Models LLMs have shown impressive performances across various tasks [123, 10],
including scientific fields such as mathematics, physics, medicine, and computer science [337, 338, 335,

331, 339]. For instance, GPT-4 can understand DNA sequences, design biomolecules, predict molecular
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behavior, and solve PDE problems [334]. However, LLMs have mainly been used for accelerating the

experimental validation of already identified research ideas, but not for identifying new problems.

Hypothesis Generation The principle of hypothesis generation is based on literature-based discov-
ery [340], which aims to discover relationships between concepts [341]. For instance, these concepts could
be a specific disease and a compound not yet considered as a treatment for it. Early works on automatic
hypothesis generation first build a corpus of discrete concepts, and then identify their relationships with
machine learning approaches, e.g., using similarities between word (concept) vectors [342] or applying
link prediction methods over a graph (where concepts are nodes) [343, 344]. Recent approaches are
further powered by LLMs [3, 345, 4], leveraging their prior knowledge about scientific disciplines. Yet,
all these approaches perform idea generation in a localized manner and are designed to identify potential
relationships between two variables or generate sentence-level connections, which may be sub-optimal
to capture the complexity and multifaceted nature of real-world problems (e.g., urban planning involves
numerous interacting variables). Meanwhile, we do not artificially restrict the target research idea to be
a predictive single concept or simple binary link, instead allowing the model to generate ideas in a more
open-ended fashion. We note that there has been a recent surge of interest in idea generation: from
Li et al. [346] that focus on evaluating whether LLMs can generate research ideas that are better than
human ideas, to Lu et al. [347] that aim to automatically generate full research papers (including idea
development, code writing, and experiment execution), to Li et al. [346] that enhance the idea generation

process by organizing a sequential chain of literature, all of which build upon insights from our work.

Knowledge-Augmented LLMs The approach to augment LLMs with external knowledge makes
them more accurate and relevant to target contexts. Much prior work aims at improving the factuality
of LLM responses to queries by retrieving the relevant documents and injecting them into the LLM
input [348, 349, 350]. In addition, given that entities or facts are atomic units for representing knowledge,
recent studies augment LLMs with them [15, 351]. In contrast to these efforts, which use knowledge units
piecemeal, we instead jointly leverage accumulated knowledge over massive troves of scientific papers.
Also, Baek et al. [23] proposes to use entities for query suggestion, which yet has a different objective of
narrowing the focus of LLMs to entities already present in their context. Instead, our approach retrieves

and integrates entities outside the given context, enabling LLMs to explore other concepts.

Iterative Refinements with LLMs Similar to humans, LLMs do not always generate optimal out-
puts on their first attempt. To tackle this, drawing inspiration from humans who can iteratively refine
their thoughts based on critiques from themselves and their peers, many recent studies have investigated
the potential of LLMs to correct and refine their outputs, demonstrating that they indeed possess those
capabilities [352, 353, 354, 355, 3, 345, 4]. Based on their findings, we extend this paradigm (and further

test their capability) to our novel scenario of research idea generation.

4.2.3 Approach

We present ResearchAgent, a system that automatically proposes research ideas with LLMs.

4.2.3.1 LLM-Powered Research Idea Generation

We begin by formally introducing the new problem of research idea generation, followed by an

explanation of how LLMs are utilized to tackle it.
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Research Idea Generation The goal of the research idea generation task is to formulate new and
valid research ideas, to enhance the overall efficiency of the first phase of scientific discovery. While we
acknowledge that the real process by which humans conduct research is varied and complex to an extent
well beyond the scope of this scientific study, we attempt to model simulacra in three systematic steps
that would likely be maximally beneficial to a researcher seeking assistance from an Al system. These
are namely, identifying novel research ideas, proposing methods to validate these ideas, and designing
experiments to measure the success of these methods in relation to the ideas.

To accomplish the aforementioned steps, we utilize the existing literature (such as academic pub-
lications) as a primary source, which provides insights about existing knowledge along with gaps and
unanswered questions®. Formally, let £ be the literature, and o be the ideas that consist of the problem
p, method m, and experiment design d, as follows: o = [p, m,d] where each item consists of a se-
quence of tokens. Then, the idea generation model f can be represented as follows: o = f(£), which is
further decomposed into three submodular steps: p = f(£) for identifying problems, m = f(p, L) for
developing methods, and d = f(p, m, L) for designing experiments. We operationalize f with LLMs,

leveraging their capability to understand and generate academic text.

Large Language Models Before describing the LLM in the context of our problem setup, let us
first provide its general definition, which takes an input sequence of tokens & and generates an output
sequence of tokens y, as follows: y = LLMg(7T (x)). Here, the model parameters 8 are typically fixed
after training, due to the high costs of further fine-tuning. In addition, the prompt template T serves as
a structured format that outlines the context (including the task descriptions and instructions) to direct

the model in generating the desired outputs.

4.2.3.2 Knowledge-Augmented LLMs for Research Idea Generation

We now turn to our primary focus of automatically generating research ideas with LLMs. Recall
that we aim to produce a complete idea consisting of the problem, method, and experiment design (o =
[p, m, d]), while using the existing literature £ as a primary source of information. We operationalize this
with LLMs by instantiating the aforementioned research idea generation function f with LLM coupled
with the task-specific template. Formally, p = LLM(7,(L)) indicates the problem identification step,
followed by m = LLM(Tm(p, L)) for method development and d = LLM(Te(p, m, L)) for experiment
design, which constitutes the full idea: o = [p, m, d].

Following this general formulation, the important question to answer is how the body of scientific
literature is leveraged for actually generating research ideas with LLMs. Here, we outline three key
desiderata that contribute to the success of human researchers ideating novel research ideas: a broad and
deep understanding of related work, an encyclopedic perspective on the interconnectedness of concepts
within and across scientific domains, and a community of peers who help iteratively improve ideas
through constructive critiques. We describe our operationalization of these three desiderata using the

prior literature and LLMs in what follows.

Citation Graph-based Literature Survey Due to the constraints on their input lengths and their
reasoning abilities, particularly over very long contexts [357], it is not possible to incorporate all the

existing publications from the literature £ into the LLM input. Instead, we need to find a meaningful

5We focus on the existing literature-based idea generation by following the paradigm that a new idea is more often than
not just a new combination of old elements [356].
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subset relevant to the problem at hand. To achieve this, we mirror the process followed by human
researchers, who expand their knowledge of a paper by perusing other papers that either cite or are
cited by it. Concretely, for the LLM, we initiate its literature review process by providing a core paper
lo from £ and then selectively incorporating subsequent papers {l1,...,1,} that are directly connected
based on a citation graph. This procedure makes the LLM input for idea generation more manageable and
coherent. In addition, we operationalize the selection process of the core paper and its relevant citations
with two design choices: 1) the core paper is selected based on its citation count (e.g., exceeding 100 over
3 months) typically indicating high impact; 2) its relevant papers (which may be potentially numerous)
are further narrow-downed based on their similarities of abstracts with the core paper, ensuring a more
focused and relevant set of related work.

However, despite the simplicity and intuitiveness of this idea generation approach, there exists one
major limitation. This approach relies exclusively on a set of given papers (the core paper and its
citations); however, since scientific knowledge is not confined to specific studies but rather accumulates
across a wide range of publications (across various fields), we should ideally harness this extensive,

interconnected, and relevant scientific knowledge in our method for research idea generation.

Entity-Centric Knowledge Augmentation In order to model an encyclopedic view of intercon-
nected concepts, we must effectively design a framework to extract, store and effectively leverage the
vast amount of knowledge in scientific literature £. In this work, we view entities as the atomic units
of knowledge, which allows for ease of representation and accumulation over papers in a unified manner
across different disciplines. For example, we can easily extract the term “database” whenever it appears
in any paper, using existing off-the-shelf entity linking methods and then aggregate their linked occur-
rences into a knowledge store. Then, if the term “database” is prevalent within the realm of medical
science but less so in hematology (which is a subdomain of medical science), the constructed knowledge
store can capture the affinity between those two domains based on overlapping entities. This represen-
tational paradigm can then be used to suggest the term “database” when formulating the ideas about
hematology. In other words, this approach enables providing novel and interdisciplinary insights by
leveraging the interconnectedness of entities across various fields.

mXmM where m is the

Formally, we design the knowledge store as a two-dimensional matrix IC € R
total number of unique entities identified and K is implemented in a sparse format. This knowledge
store is constructed by extracting entities over all the available scientific articles in literature £%, which
not only counts the co-occurrences between entity pairs within individual papers but also quantifies the
count for each entity. Our approach is versatile, thus, we can use any entity linker; in this paper we use
one developed by Wu et al. [255]. This off-the-shelf system proves capable of extracting key scientific
entities despite its lack of customized training for the scientific domain. Specifically, this linker tags and
canonicalizes entities in a paper ! from L, formalized as follows: & = EL(l) where & denotes a multiset
of entities (allowing for repetitions) appearing in 17. Upon extracting entities €, to store them into the

knowledge store IC, we consider all possible pairs of £ as follows: {e;, e;} ( where e € £.

i,5)eC(|€],2)

Given this knowledge store KC, our next goal is to enhance the previous vanilla research idea
generation process implemented based on a group of interconnected papers, denoted as follows: o =
LIM(T ({loyl1y ooy ln})). We do this by augmenting the LLM with the relevant entities from /C, which

expand the context that LLMs consume with additional knowledge. Formally, let us define entities

6 As extracting entities on all articles is computationally infeasible, we target papers appearing after May 01, 2023.
"Due to the extensive length of scientific publications, the target of entity extraction is restricted to titles and abstracts.
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extracted from the group of interconnected papers, as follows: €gg. .17 = U?:o EL(l;). Then, the

probabilistic form of retrieving the top-k relevant external entities can be represented as follows:

Ret({lo, e In} 3 K) = argmax | [ P(eil€q,,....1))s (4.1)
Ic[m]:|I|=k
where [m] = {1,...,m} and e; ¢ Ey,,....1,.}- Also, for simplicity, by applying Bayes’ rule and assuming

that entities are independent, the retrieval operation (Equation 4.1) can be approximated as follows:

arg max n( H P(ejle;)) x P(e;), (4.2)
Ie(mllI=k " " oieg

where P(ej|e;) and P(e;) can be derived from values in the two-dimensional matrix K, suitably normal-
ized. We note that the formulation in Equation 4.2 is only one instance of operationalizing retrieval; this
could be replaced with other retrieval strategies — for example, embedding-based retrieval. Hereafter, the
instantiation of research proposal generation augmented with relevant entity-centric knowledge is for-
malized as follows: 0 = LLM(T ({loy s In}  Ret({loy o5 In} 3 K)))®. We call this knowledge-augmented

LLM-powered research idea generation approach ResearchAgent.

Iterative Research Idea Refinements We note that attempting to write a full research idea in
one go may not be an effective strategy. Humans write drafts that are continually improved based on
multiple rounds of reviews and feedback. Therefore, we lastly model a community of peers for iterative
idea improvement by introducing a set of LLM-powered reviewing agents (called ReviewingAgents), which
provide the ResearchAgent with reviews and feedback according to various criteria for improvement.

Specifically, similar to our approach to instantiate ResearchAgent with an LLM (LLM) and template
(T), ReviewingAgents are instantiated similarly but with different templates. Then, with ReviewingA-
gents, each of the generated research ideas (problem, method, and experiment design) is separately
evaluated according to its own specific five criteria®, which are provided in labels of Figure 4.7. Based
on the reviews and feedback from ReviewingAgents, the ResearchAgent iteratively updates and refines
its generation of research ideas.

Despite the proficiency of LLMs in the evaluation of machine-generated texts [358, 359], their judg-
ments on research ideas may not be aligned with the judgments of real human researchers. However,
there are no ground truth reference judgments available, and collecting them to align LLMs is expen-
sive and often infeasible. Ideally, the judgments made by LLMs should be similar to the ones made by
humans, and we aim to ensure this by automatically generating human preference-aligned evaluation
criteria (used for automatic evaluations) with a few human annotations. Specifically, to obtain these
human-aligned evaluation criteria, we first collect 10 pairs of research ideas and their associated scores
for every evaluation criterion on a 5-point Likert scale, annotated by human researchers having at least
3 papers. After that, we prompt the LLM with these human-annotated pairs to induce detailed descrip-
tions for evaluation criteria [360]. These criteria reflect the underlying human preferences'® and are used

as evaluation criteria by the ReviewingAgents.

8There may be additional knowledge sources (beyond the existing literature and entities) for research idea generation,
and we leave exploring them as future work.

9We select the top five criteria which we consider as the most important, and leave exploring others as future work.

10We additionally ask five human annotators, who evaluate research ideas, to judge the quality of the induced criteria;
two of them agree strongly, while the other three agree moderately.
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4.2.4 Experiments
4.2.4.1 Data

The main source to generate research ideas is the sci-
entific literature £, which we obtain from the Semantic
Scholar Academic Graph API'. From this, we select pa-
pers appearing after May 01, 2023, because LLMs that
we use in our experiments are trained on data from the
open web available before this point. This follows the pro-
cedure of existing literature-based hypothesis generation
work [345]. Then, we select high-impact papers (that have
more than 20 citations) as core papers, mirroring human
researchers’ tendency to leverage influential work, to en-
sure the high quality of generated ideas. The resulting
data is still very large; thus, we further sample a subset

of 300 papers as core papers to obtain a reasonably sized

Distribution of Paper Categories

Computer Science

25.3%

Medicine
T Others

. 7.7%

2.7%

4.7%

Mathematics
5.3% Chemistry

5.7%
7.3%

13.0%

7.7% Physics

Engineering
Materials Science

Environmental Science Biology

Figure 4.6: Visualization of the distribution
of disciplines for all core papers, selected for
research idea generation.

benchmark dataset. The average number of reference papers for each core paper is 87; the abstract of

each paper has 2.17 entities on average. The distribution of disciplines for all papers is in Figure 4.6.

4.2.4.2 Baselines and Our Model

As we target the novel task of research idea generation involving the generation of problems, methods,
and experimental designs, there are no baselines for direct comparison. Thus, we mainly compare our

full ResearchAgent model against its ablated variants, outlined as follows:

1. Naive ResearchAgent — which uses only a core paper to generate research ideas.

2. ResearchAgent w/o Entity Retrieval — which uses the core paper and its relevant references

without considering entities.

3. ResearchAgent — which is our full model that uses the relevant references and entities along with

the core paper, to augment LLMs.

In addition to this set of core baselines, we also compare our approach against existing hypothesis

generation work from prior literature in Table 4.9.

4.2.4.3 Evaluation Setup

Given our formulation of idea generation (Sec 4.2.3.1), there are no ground-truth answers to measure
the quality of the generated ideas. Yet, exhaustively listing pairs of core papers and reference research
ideas is suboptimal, since there may exist a large number of valid research ideas for each core paper, and
this process requires much time, effort and expertise on the part of human researchers. Thus, we use
a combination of model-based automatic evaluation and manual human evaluation to validate different

models on our experimental benchmark.

Model-based Evaluation Following the recent trends in using LLMs to judge the quality of output
texts (especially in the setting of reference-free evaluations) [358, 359, 176], we use GPT-4 to judge the

W https: //www.semanticscholar.org/product /api
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Figure 4.7: Main results on our research idea generation task with human- (top) and model-based
(bottom) evaluations, where we report the score of each idea (problem, method, or experiment design)
based on its own five criteria and their average score.

quality of research ideas. Note that each of the problem, method, and experiment design is evaluated
with five different criteria (See labels of Figure 4.7 for criteria). We ask the LLM-based evaluation
model to either rate the generated idea on a 5-point Likert scale for each criterion or perform pairwise

comparisons between two ideas from different models.

Human Evaluation Similar to model-based evaluations, we perform human evaluations that involve
assigning a score for each criterion and conducting pairwise comparisons between two ideas. As the
generated ideas are knowledge-intensive, we carefully select annotators who are well-versed in the field
and provide them with ideas that are highly relevant to their field of expertise!2. Specifically, we choose
ten expert researchers who have authored at least three papers and ask them to judge only the ideas

that are generated based on their own papers.

4.2.4.4 Implementation Details

We mainly use the GPT-4 [123] release from Nov 06, 2023, as the basis for all models, which is,
notably, reported to be trained with data up to Apr 2023 (meanwhile, the papers used for idea generation

appear after May 2023). To extract entities and build the entity-centric knowledge store, we use the

12We also experiment with human evaluation using non-domain-experts, but this proves to be suboptimal; therefore, we
focus on experts for reliable judgments of generated ideas.
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Figure 4.8: Results of pairwise comparisons between ideas from two of any different approaches.

off-the-shelf BLINK entity linker [255], with papers from May 01, 2023, to Dec 31, 2023 (available from

Semantic Scholar API) along with their references, which number 50,091 in total.

4.2.4.5 Experimental Results and Analyses

Main Results Our main results on scoring with human and model-based evaluations are provided in
Figure 4.7. These demonstrate that our full ResearchAgent outperforms all baselines by large margins
on every metric across problems, methods, and experiment designs (constituting the complete research
ideas). Particularly, the full ResearchAgent augmented with relevant entities exhibits strong gains on
metrics related to creativity (such as Originality for problems and Innovativeness for methods) since
entities may offer novel concepts and views that may not be observable in the group of citation-based
papers alone. In addition, the results of pairwise comparisons between models with both human and
model-based evaluations — shown in Figure 4.8 — demonstrate that the full ResearchAgent shows the

highest win ratio over its baselines.

Analysis on Inter-Annotator Agreements Table 4.7: Results of agreements between two
human annotation results and between human and

i . model evaluation results.
tions, we measure the inter-annotator agreements,

To see the quality and reliability of human annota-

where 20% of the generated ideas are evaluated by Categories Metrics Problem Method Experiment

two human judges, and report results in Table 4.7. Scoring  0.83 0.76 0.67
Human and Human

Specifically, for the scoring, we first rank scores Pairwise  0.62 0-62 0-41
5 Scoring 0.64 0.58 0.49

from each annotator and measure Spearman’s cor- Human and Model
Pairwise 0.71 0.62 0.52

relation coefficient [328] between the ranked scores
of two annotators. For the pairwise comparison between two judges, we measure Cohen’s kappa coeffi-
cient [327]. Table 4.7 shows that the inter-annotator agreement is high, confirming the reliability of our
assessments about the quality of generated research ideas. Also, while agreement scores for experimental
designs are slightly lower than other aspects, this does not necessarily indicate a shortcoming in the qual-
ity of experimental designs produced by ResearchAgent, as shown in Figures 4.7 and 4.8. Instead, we
view this as the inherent subjectivity and variability in how such designs are perceived and evaluated by

different annotators (i.e., the nature of the variability itself makes achieving high agreement challenging).

Analysis on Human-Model Agreements Similar to what we did for the aforementioned inter-

annotator agreements, we measure agreements between human-based and model-based evaluations, to
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Figure 4.9: Results with varying the number of refinement steps for iterative idea generation.

Table 4.8: Results of ablation study on references and entities.

Methods Problem Method Experiment
ResearchAgent 4.52 4.28 4.18
- w/o Entities 4.35 4.13 4.02
- w/ Random Entities 4.41 4.19 4.13
- w/o References 4.26 4.08 3.97
- w/ Random References 4.35 4.16 4.02
- w/o Entities & References 4.20 4.03 3.92

ensure the reliability of model-based evaluations. As shown in Table 4.7, we further confirm that agree-
ments between humans and models are high, indicating that model-based evaluations are a reasonable

proxy to judge research idea generation.

Analysis of Refinement Steps To see the effectiveness of iterative refinements of research ideas with
ReviewingAgents, in Figure 4.9, we report the averaged scores on the generated ideas as a function of
refinement steps. We first observe initial improvements in the quality of ideas with increased refinement
steps. Yet, the performance becomes saturated after three iterations, which may indicate diminishing

returns for subsequent iterations, similar to the pattern observed in agent-based refinement work [361].

Ablation on Knowledge Sources Recall that the full ResearchAgent is augmented with two different
knowledge sources, namely relevant references and entities. To see their individual contribution, we
perform an ablation study by either excluding one of the knowledge sources or replacing it with random
elements. As shown in Table 4.8, each knowledge source contributes to performance improvement, and
the relevant references are especially helpful. We also note that providing random elements is more
helpful than providing no elements at all; we hypothesize that this may be due to the LLM’s capability

to filter out noise while still gaining incidental value from random inputs.

Analysis on Human Alignment for Evaluation Recall that to align judgments from model-based
evaluations with actual human preferences, we generated the evaluation criteria based on human eval-
uation results and used them as the criteria for model-based evaluations. Figure 4.10 demonstrates
the efficacy of this strategy, presenting the score distribution of human evaluation compared with the

distributions of model-based evaluations with and without human alignment. We find that the score
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Figure 4.10: Distributions of model-based evaluation results with and without the human-induced score
criteria alignment (middle and right), as well as human evaluation results (left).
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Figure 4.11: Results with bucketing papers based on citations.

Table 4.9: Comparisons of ResearchAgent with hypothesis generation methods [3, 4].

Methods Clarity Relevance Originality Feasibility Significance
SciMON 4.04 4.37 4.56 3.98 4.15
Hypothesis Proposer 3.97 4.14 4.07 4.01 4.11
ResearchAgent 4.11 4.88 4.77 4.05 4.81

distribution of model-based evaluations without alignment is skewed and different from the score distri-
bution of human judgments. Meanwhile, after aligning the model-based evaluations with human-induced

score criteria, the calibrated distribution more closely resembles the distribution of humans.

Correlation on Citation Counts We further investigate whether a high-impact paper (when used
as a core paper) leads to high-quality research ideas. To measure this, we categorize papers by their
citation count (as a proxy for impact), and visualize the average score of each bucket (with model-
based evaluations) in Figure 4.11. We find that ideas from high-impact papers tend to be of higher
quality, likely due to their ability to identify research gaps, propose feasible methods, and connect with
other works. Additionally, based on the paper distribution (See Figure 4.6) and for the ease of manual
quality check, evaluation criteria for model-based evaluations are induced mainly with computer science
papers. To see whether those criteria are applicable to diverse fields, we also compare a correlation
between scores of computer science papers and all papers in Figure 4.11. From this, we observe that the
scores increase when the citation increases for both domains, which may support the generalizability of

human-preference-induced evaluation criteria.

Comparisons to Hypothesis Generation Recall that existing methods for hypothesis generation

focus on predicting links between variables or generating hypotheses based on these links, which dif-
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Table 4.10: Results with different, open and proprietary LLMs.

LLMs Models Problem Method Experiment
T R T
GPT-5.5 Resarchgent (Our) 558 398 360
s ) R gt a0 5o 3t
M ety e R i
Quents (samy o B a6

fers from our experimental setup of generating open-ended research ideas (problems, methods, and
experiments). Nevertheless, to understand how the quality of the generated research ideas from prior
works [3, 4] differs from our ResearchAgent, we perform comparisons. As shown in Table 4.9, we observe
that ResearchAgent is capable of generating superior research hypotheses, due to the utilization of broad

and deep knowledge across domains as well as the iterative review and refinement procedures.

Analysis using Different LLMs To assess how ResearchAgent’s performance changes with different
LLMs [362, 363], we conduct an auxiliary analysis, as shown in Table 4.10. These results show a
significant performance drop with less capable models. Moreover, the performance differences between
the Naive ResearchAgent without knowledge augmentation and the full ResearchAgent become marginal
(for Mixtral and GPT-3.5), which indicates that they might struggle with capturing complex concepts
between scientific papers. This can likely be attributed to the emergent abilities of LLMs for complex

reasoning (but not in smaller LMs) [364], although other subtle issues may also be contributing factors.

4.2.5 Summary

In this work, we introduced ResearchAgent, a system designed to assist researchers by generating
research ideas, which encompass problem identification, method development, and experiment design.
Inspired by the human process of ideation, our approach conducts broad and deep literature reviews,
integrates knowledge across domains to foster idea cross-pollination, and employs a community of re-
viewing agents to iteratively refine the generated ideas. Our evaluations, both human and model-based,
demonstrated that ResearchAgent produces ideas that are more creative, valid, and clear compared to
baselines. While this initial foray shows promising results, multiple challenges remain to operationalize
ResearchAgent in real-world research settings. Practical considerations include scaling the knowledge
store to encompass diverse research domains, and keeping it current with the latest publications, through

which the system can become adaptable even to emerging fields.

4.2.6 Extension: Paper2Code for Research Idea Execution

While ResearchAgent focuses on the ideation stage of scientific research (formulating problems,

proposing methods, defining experiments, and iteratively refining ideas with feedback from reviewing
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agents), it does not support another research cycle: validation, where ideas must be instantiated, im-
plemented, and empirically validated. To bridge this gap, we propose PaperCoder [365], a multi-agent
system designed to translate scientific ideas (or papers) into executable, modular code repositories, which
can enable researchers to rapidly materialize the research ideas into executable prototypes, especially in
machine learning domains, along with ResearchAgent to conceptualize new ideas. We believe that the
two frameworks of ResearchAgent and PaperCoder illustrate a broader vision of Al-mediated research,

in which LLM-driven agents support both the generation and the operationalization of scientific ideas.

4.2.7 Extension: Chain of Retrieval for AI-Mediated Research

Although ResearchAgent supports the ideation phase by synthesizing insights from multiple papers
and concepts, and PaperCoder supports the validation phase by operationalizing ideas into executable
prototypes, high-quality ideation and validation often depend on how well the system can retrieve and
contextualize relevant scientific literature. However, traditional retrieval methods for scientific papers rely
on abstract-level similarity and overlook the rich, multi-aspect structure of full papers. To address this
limitation and to ultimately build a comprehensive Al-mediated research system capable of grounding
and validating scientific ideas with the full context of relevant papers, we introduce Chain of Retrieval
(CoR) [366], a multi-aspect, iterative retrieval method. Specifically, it decomposes a query paper into
multiple aspect-specific views, retrieves candidate papers across them, and iteratively expands the search
by promoting top results as new queries, ultimately constructing a tree-structured retrieval process whose
hierarchical evidence is aggregated in a post-order manner. We believe that this capability is crucial not
only for ideation (to ground ideas in a comprehensive scientific context) but also for validation (to surface
implementation-relevant papers); thus, integrating CoR into Al-mediated research therefore strengthens
the entire workflow, ensuring that it can generate, refine, and execute ideas while remaining anchored in

the broader landscape of scientific knowledge.
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4.3 Knowledge-Augmented Model Contextualization
for Text-to-SQL with Knowledge Base Construction

4.3.1 Motivation
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Figure 4.12: (A) Text-to-SQL aims to translate a user query into a SQL statement executable over

a database, to access the desired information. (B) Existing Text-to-SQL with Knowledge Generation
approaches generate the knowledge relevant to the user query and formulate the SQL statement with
this generated knowledge. (C) Our Text-to-SQL with Knowledge Base Construction approach builds the
repository of the knowledge and reuses the knowledge within it across multiple queries and databases.
(Right:) The knowledge in the training set of the text-to-SQL benchmark [6] covers 21% of the knowledge
required for test-time queries, and our constructed knowledge base further covers 50% of them.

Text-to-SQL aims to transform natural language queries from users into Structured Query Language
(SQL) statements, to interact with and retrieve the information from databases [367, 368, 369, 370], as
illustrated in Figure 4.12 (A). This task has recently gained much attention since it allows non-experts to
access and manipulate database information without needing to understand complex database languages.
In the meantime, Large Language Models (LLMs) have shown impressive capabilities in processing and
generating text and code, which have been further extended for text-to-SQL [263, 264].

Despite their huge successes, transforming user queries into SQL statements may still be challenging
due to the need for specific domain knowledge and an understanding of the underlying database schemas,
which poses a significant hurdle even for the most advanced LLMs to achieve high accuracy across diverse
datasets [6]. For example, consider a scenario where the user asks for the query: "What is the WACC for
Company X?". To translate this into an SQL statement, the text-to-SQL model should understand the
concept and calculation of Weighted Average Cost of Capital (WACC), which involves multiple factors
including the cost of equity, cost of debt, and the respective proportions of each in the capital structure.
In addition, the model needs to comprehend the specific schema of the financial database, where relevant
data is distributed across multiple tables such as 'Equity’, 'Debt’, and ’Capital Structure’.

To tackle the aforementioned limitations due to the lack of the domain-specific knowledge for SQL
generation, recent studies have proposed collecting and annotating explicit knowledge, which is then
leveraged for SQL generation [371, 6]. However, while these approaches substantially improve the per-
formance of existing text-to-SQL models, they rely on extensive human annotations, which may be
suboptimal (and nearly impractical) to conduct for all queries considering a diverse source of domain-
specific knowledge from numerous databases. To address this issue, recent work proposes generating a
few pieces of knowledge for each query based on the query itself and its relevant database schema [372]
(see Figure 4.12 (B)). However, although this method demonstrates promise in automatic knowledge

generation, certain knowledge required for one query can be directly reused or provide insights for mul-
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tiple queries within the same database, as shown in Figure 4.12 (Right). Also, this knowledge can be
generalizable to other queries for different databases.

Motivated by these observations, this work proposes an automatic approach to build a knowledge
base, designed to serve as a comprehensive repository of domain-specific knowledge for text-to-SQL and
capable of providing knowledge for multiple queries with the same database and even across the different
databases. To construct this knowledge base, we generate knowledge entries based on available samples
and their associated database schemas through LLM prompting, and then compile all of them together.
During this prompting process, we provide LLMs with relevant examples to contextualize and guide the
generation of useful knowledge in the right format that is further grounded in the database schema. Then,
once constructed, the knowledge base allows for the retrieval of relevant knowledge for the given test-time
query, which is then used alongside the query to formulate the SQL statement. Note that while ideally
the knowledge base would cover all possible queries, it may not always do so. Nevertheless, the existing
knowledge in it could still offer valuable insights for generating the required knowledge for new queries.
Thus, by leveraging similar knowledge from the knowledge base, we further prompt LLMs to produce
the most suitable knowledge for the query at inference time. We call our method Knowledge- Augmented
Text-to-SQL (KAT-SQL), depicted in Figure 4.12 (C).

We experimentally validate KAT-SQL on two different text-to-SQL scenarios, involving both the
overlapping and non-overlapping databases between training and test phases, showing that the proposed
knowledge base construction-based text-to-SQL approach surpasses the existing (knowledge-augmented)
text-to-SQL baselines. We also assess the generalizability of our knowledge base constructed from one
dataset by applying it to different datasets that lack any annotated knowledge, demonstrating that it is

versatile and can effectively improve SQL generation for even unseen databases from other datasets.

4.3.2 Related Work

LLM-Powered Text-to-SQL LLMs have shown remarkable performances across a wide range of
tasks [123, 10, 373], including text-to-SQL, due to their strong capability in understanding natural
language and generating structured code [263, 264]. Specifically, various studies have developed and
advanced the prompting techniques for text-to-SQL, for example, using Chain-of-Thought (CoT) [374,
375, 376], investigating sophisticated prompt design strategies [377], and aggregating LLM-generated
outputs from multiple prompts [378, 379] akin to self-consistency [380]. In addition, another line of
study proposes decomposing the text-to-SQL problem into multiple subtasks, and feeding the solutions of
subtasks (from multiple models or agents) into the LLM to derive the final SQL statement [381, 382, 383].
The knowledge internalized in LLMs might however not be sufficient to handle diverse queries, which
oftentimes requires grounding in the database schemas or additional domain-specific information for

specialized domains, which gives rise to the need for leveraging external knowledge for text-to-SQL.

Knowledge-Augmented Text-to-SQL There are a few recent studies that propose augmenting text-
to-SQL models with explicit knowledge. Specifically, Dou et al. [371] collect formulaic knowledge (e.g.,
Trade Balance = Exports — Imports) available from public resources such as finance reports and store
the collected knowledge into a knowledge bank with proper human-involved post-processing. The text-
to-SQL model then retrieves relevant knowledge for any given query from the knowledge bank and uses
it to convert the query into the SQL statement. In addition, Li et al. [6] release a large-scale benchmark
dataset for the text-to-SQL task, where each question is associated with specific knowledge that is

manually annotated by humans. Manual annotation is however costly and time consuming, requiring
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effort and expertise on the part of domain-experts. To address this challenge, more recent work proposes
automatically generating the knowledge based on the question and database schema, and utilizing this
knowledge for text-to-SQL [372]. In our work, instead of generating only a few pieces of knowledge for
each question, we propose to construct a comprehensive knowledge base. This provides a repository
of reusable knowledge that can be leveraged across multiple queries, which can be further adapted to

various databases over different domains in a scalable way, in contrast to existing work.

Data Generation with LLMs The recent advent of LLMs has revolutionized the field of data gen-
eration, as they can produce vast amounts of high-quality samples without costly human annotation.
Specifically, several efforts around LLM-based synthetic data generation, such as Self-Instruct [384], Al-
paca [385], Evol-Instruct [386], Orca [387], and InstructLab [388], propose generating a large number
of samples from LLMs by prompting them. Also, motivated by the capabilities of LLMs in generating
synthetic data and memorizing factual knowledge, some other work aims to populate an encyclopedic
knowledge base like Wikidata [32] with LLMs [389, 390, 391]. Most of the knowledge in such encyclope-
dic knowledge bases is however unsuitable for text-to-SQL since it is neither relevant to formulate SQL
statements from user queries nor aware of database schemas necessary for the query conversion. Thus,

our approach stands apart as the first to automatically construct a text-to-SQL knowledge base.

4.3.3 Approach

In this section, we present Knowledge-Augmented Text-to-SQL (KAT-SQL), an approach that au-

tomatically constructs a knowledge base and utilizes the relevant knowledge from it for text-to-SQL.

4.3.3.1 Problem Statement

We begin with formally explaining text-to-SQL and the knowledge augmentation technique for it.

Text-to-SQL Text-to-SQL aims to translate a natural language query from a user into a syntactically
correct and semantically precise SQL statement. Formally, let g be the user query (consisting of a
sequence of tokens) and D be the database schema containing multiple tables and columns. Then, the
SQL generation model f can be represented as follows: s = f(g, D) where s is the SQL statement
(consisting of a sequence of tokens) that attempts to retrieve the information requested by g over D.
Here, we operationalize f with LLMs, to harness their capability in understanding the semantics of
g and generating the corresponding SQL code s, as follows: s = LLMg(7 (g, D)) where 0 is the model
parameters and T is the prompt template. Typically, the model parameters 8 remain fixed due to the
high costs associated with further fine-tuning and sometimes their limited accessibility. Also, the prompt
template T serves as a structured format that outlines the context, which includes task descriptions and
instructions as well as few-shot examples, to guide the model in generating accurate SQL codes.
Notably, while there have been great successes in advancing the LLM itself and optimizing its usage
for text-to-SQL, such as using advanced prompting techniques or breaking down the task into multiple
subtasks [374, 375, 376, 381, 382, 383], these improvements alone may not be sufficient to fully handle
queries that require the deep domain knowledge or precise understanding of complex database schemas.
In other words, the internal parametric knowledge of LLMs, while robust, may not fully encompass the
diverse range of query variations and database structures, especially when these databases have distinct

schemas or certain specialized terminology.
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Knowledge-Augmented Text-to-SQL To tackle the aforementioned limitations, we focus on aug-
menting text-to-SQL with the knowledge relevant to the query, providing valuable insights into the
domain-specific terminology and complex database schemas. If we denote this knowledge as k, then the
previous text-to-SQL process is redefined to incorporate it, as follows: s = LLMg (7T (q, k, D)).

While there have been few studies that explore this knowledge-augmented text-to-SQL paradigm,
there are still a couple of challenges. Specifically, Dou et al. [371] and Li et al. [6] propose collecting and
annotating the explicit knowledge required to convert queries into SQL statements. Yet, to operationalize,
this annotation-based approach can be costly and time-consuming, especially when dealing with a large
number of diverse queries. On the other hand, Hong et al. [372] propose an automatic generation of
knowledge, based on the question and its associated database schema. However, this method is still
limiting as it generates only a few pieces of knowledge for each query without leveraging the potential for
reuse. In contrast, since much of the knowledge used for one query can be applicable to multiple similar

queries (See Figure 4.12, Right), we aim to design a more effective approach for knowledge augmentation.

4.3.3.2 Knowledge Base Construction

To address the aforementioned limitations of existing approaches in knowledge augmentation for
text-to-SQL, we propose a novel approach to automatically construct a comprehensive and reusable
knowledge base. Ideally, this can serve as a foundational resource, encapsulating diverse domain infor-
mation and offering insights into various database schemas, to enhance the understanding of queries and
their associated database structures.

Formally, we design this knowledge base IC as a collection of knowledge entries, each represented as
a concise sentence, denoted as follows: k € JC. For instance, in the medical domain, one knowledge entry
might be “Abnormal white blood cell count refers to WBC < 3.5 or WBC > 9.0”, which describes the
abnormal range of white blood cell counts and its corresponding column name “WBC” in the database
schema, applicable to queries related to abnormal white blood cells. The next question to answer is then
how to construct this knowledge base based on the available resources.

In this work, we start with collecting all the existing knowledge entries from the publicly available
dataset [6], which includes the knowledge and its related pair of query and database schema. Yet, while
this initial collection can serve as the foundational layer of our knowledge base, it may not capture the
full scope of the required information. To address this gap, we propose an automatic knowledge base
expansion technique that leverages LLMs, which possess domain-specific knowledge and the ability to
comprehend the given context (including instructions, codes, and database structures) by generating
additional knowledge entries. Specifically, given the query and its associated database schema from the
available datasets, we prompt LLMs (along with a prompting template T for knowledge generation) to
produce the knowledge, formulated as follows: k = LLM(7T (g, D)), and then store this knowledge k into
the knowledge base K. In addition, as it may be more accurate and reliable to provide the LLM with
relevant examples (which can help it understand the context, nuances, and expectations of the desired
output), we further prepend the small number of relevant examples into the prompt of LLM. It is worth
noting that these examples are comprised of the triplets of the user queries, their associated database
schemas, and the knowledge they are derived from, and that those triplets come from the existing dataset
(used to construct the initial knowledge base). Also, we select only those highly relevant to the query
based on its embedding-level cosine similarities with samples from the existing dataset, calculated by
MPNet [1]. This process can ultimately enable the LLM to generate more precise and contextually

appropriate knowledge for text-to-SQL.
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Algorithm 1 Knowledge-Augmented Text-to-SQL

Require: Dataset D containing query-schema pairs (q, D); LLM model LLM; Prompt templates T
Ensure: SQL statement s for a given query q

1: Phase 1: Knowledge Base Construction

2 K< {}uD = Initialize knowledge base
3: for all (¢, D) € D do

4 & — Retrieve top-k relevant examples from D

5: knew < LLM(Tgen(q, D, E)) > Generate knowledge
6 K —Kukpew = Store knowledge
7. end for

8: Phase 2: Knowledge-Augmented SQL Generation

9: function KAT-SQL(q, D, K)

10: {k; }g=1 «— Retrieve top-j knowledge from IC

11: k' < LLM(Tret(g, {ki}l_1, D)) = Refine knowledge
12: § « LLM(Ttext-to-sqL (g, k', D)) > Generate SQL
13: return s

14: end function

In addition to this relevant example-based knowledge generation approach, to further enrich the
diversity and comprehensiveness of the knowledge base, we implement a simple yet effective strategy
that involves sampling and permutation of few-shot examples provided to the LLM. Specifically, for the
given query and its associated database schema, instead of generating their corresponding knowledge
only once, we iteratively sample a different set of relevant examples (provided to contextualize the LLM)
multiple times and further permute their order. This can allow the LLM to explore different contextual
nuances and generate a wider range of knowledge entries, with the goal of ultimately increasing the

robustness and applicability of the knowledge base for a broader range of queries.

4.3.3.3 Text-to-SQL with Knowledge Base

Based on the LLM-powered knowledge base construction process, we now have the knowledge base
IC. Hereafter, the next question to answer is then how to use this knowledge base for text-to-SQL.

Given the extensive nature of IC, containing a large number of entries, it is crucial to identify
and retrieve the most pertinent entries for the query q. Formally, this process can be represented as
follows: {k,}f:1 = Retriever(q, KC). Also, this can be operationalized by calculating the embedding-
level similarities between the query and all the knowledge entries in the knowledge base, then selecting the
top-j similar entries {ki}z=17 where embeddings are obtained from a sentence embedding model [79, 1].
Moreover, to further enhance the retrieval accuracy, we train this embedding model with contrastive

learning, which maximizes the similarity between the query and its relevant knowledge while minimizing
exp(sim(g,k")/T)

exp(sim(g,k*)/T)+2,— exp(sim(q,k™)/T)

denotes the similarity measure between query g and knowledge k, T is the temperature parameter, k™

the similarities of others, denoted as follows: — log , where sim(g, k)
is the relevant knowledge, and k~ represents the set of irrelevant knowledge.

Note that while the retrieved knowledge entries from IC are relevant to the given query and can
assist in SQL statement formulation, they may require additional refinement to perfectly align with
the query’s specific needs. For instance, if the user query pertains to abnormal data conditions, but
the retrieved knowledge primarily focuses on normal data, a direct application of this knowledge could
lead to inaccurate SQL generation. To address this issue, we further prompt the LLM to generate

the knowledge tailored to the given query by considering its relevant knowledge entries and database
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schema, as follows: k' = LLM(T (q, {k; g=1, D)), where {k:l}f=1 is the knowledge retrieved from IC. This
refined knowledge k’ is subsequently used as input, along with the user query and its associated database
schema, to guide the text-to-SQL LLM in generating a more accurate and contextually appropriate SQL
statement: s = LLM(7 (g, k', D)). Please see Algorithm 1 for our overall approach.

4.3.4 Experiments

4.3.4.1 Datasets and Tasks

Datasets To validate the efficacy of KAT-SQL, we first use two widely used text-to-SQL benchmark
datasets, namely BIRD [6] and Spider [260]. Specifically, BIRD is a recently released large-scale text-
to-SQL dataset, built on top of 95 distinct databases spanning 37 domains. Additionally, each query
in this dataset is associated with knowledge that is manually annotated by humans, providing a useful
prior for formulating SQL statements. Spider is another benchmark dataset, built upon 200 databases
across 138 domains. Unlike BIRD, samples in Spider do not have annotated knowledge for text-to-SQL.
Lastly, we consider a challenging real-world text-to-SQL data, namely CSTINSIGHT, which is designed

with actual customer queries over a data lakehouse with 34 tables without human-annotated knowledge.

Tasks and Scenarios We evaluate our KAT-SQL on three realistic text-to-SQL tasks. First of all, we
consider the scenario where the prior information about some samples and their associated knowledge
for each database is available, meaning that the databases used in training samples overlap with those in
test samples (Overlap). We note that this setting is practical, since annotating a few pairs of questions
and their corresponding knowledge for each database in advance is feasible. In addition to this, we
test KAT-SQL with the existing benchmark setup, which is more challenging since it assumes there are
no overlaps between databases during the training and test phases (Non-Overlap). In other words, no
samples from the test-time databases are available beforehand, which means the model should be able
to generalize to test-time queries based on the schemas of test-time databases as well as the samples and
their associated knowledge from the different (training-time) databases. Lastly, we validate KAT-SQL
on the most challenging scenario, where there are no overlaps between the databases used during training
and testing, but also no knowledge is available for both training and test samples. This setup aims to
test the model’s ability to generalize (in the absence of any prior knowledge about the dataset), allowing
us to evaluate how well our knowledge base constructed with one dataset performs on different datasets.
Notably, since the Spider and CSTINSIGHT datasets have no available knowledge for all queries, we use

them for the most challenging last scenario; meanwhile, we use BIRD for the first two scenarios.

4.3.4.2 Baselines and Our Model

We compare our KAT-SQL approach against relevant baselines that target our primary objective of
improving knowledge-augmented text-to-SQL systems, which vary in their usage of knowledge. We note

that for the fairest comparison, we fix the LLM as the same for all methods, explained as follows:

1. No Knowledge — which uses only the queries themselves to formulate the SQL statements without
any additional knowledge.

2. DELLM - which generates the knowledge based on the query and its relevant database structures,
and use this synthesized knowledge for text-to-SQL [372].
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Table 4.11: Main results on text-to-SQL across multiple scenarios, with the best results in bold.

BIRD (Overlap) BIRD (Non-Overlap) Spider CSTINSIGHT
Methods EX VES EX VES EX VES EX VES
No Knowledge 23.76 28.81 20.66 16.72 70.99 3753  4.76 5.28
DELLM 34.70 33.15 24.64 19.27 7244 4290 11.90 12.02
KAT-SQL (Ours) 41.18 41.33 41.07 31.14 74.56 47.20 14.29 14.50
Oracle Knowledge 54.67 49.71 49.41 37.93 N/A N/A N/A N/A

3. KAT-SQL - which is our model, building the knowledge base and utilizing the knowledge from it
(with retrieval) for text-to-SQL.

4. Oracle Knowledge — which uses oracle knowledge annotated by humans, along with the queries to
generate the SQL statements. This approach serves as an upper bound and is not directly comparable

to other models due to its reliance on manually curated knowledge that is typically unavailable.

4.3.4.3 Evaluation Metrics

Following the standard evaluation protocols from prior work [6, 372], we use the following two
metrics: 1) Execution Accuracy (EX), which measures the ratio of generated SQL code that has the
same execution results with ground-truth SQL code; 2) Valid Efficiency Score (VES), which considers
the efficiency of generated SQLs by weighting them based on their relative efficiency improvement over

ground-truth SQLs further multiplied by execution accuracy.

4.3.4.4 Implementation Details

We mainly use Llama-3 70B [373] as the basis for text-to-SQL generation and knowledge generation
across all baselines and our model variants for most experiments, for a fair comparison, while we also
experiment with other LLMs in an analysis (Table 4.16) to see the robustness of KAT-SQL. For the
hyperparameters, except for the temperature (which we set as 0.0 for reproducibility), we use its default
values. In addition, for the retriever, we use MPNet [1], which is based on dense retrieval; we train it

with a batch size of 128 and a number of training epochs of 30.

4.3.4.5 Experimental Results and Analyses

Main Results We provide main results in Table 4.11, which confirms that our KAT-SQL approach
consistently outperforms all baselines by large margins. Specifically, while we observe some performance
improvement of the knowledge-augmented text-to-SQL approach (namely DELLM, which generates a
few pieces of knowledge for each query) over the baseline without knowledge augmentation, KAT-SQL
achieves even greater gains, demonstrating the effectiveness of our knowledge base construction-based
text-to-SQL paradigm. However, the performance of the (incomparable) model with the oracle knowledge
(annotated by human experts) remains superior to all other approaches, which suggests potential future

opportunities for developing a more advanced pipeline for knowledge generation.
Analysis on Knowledge Base To further understand the coverage and relevance of the knowledge

within our knowledge base, we compare each piece of knowledge required for test-time queries with all the

available entries in the knowledge base, as a function of the number of knowledge generation steps during
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Figure 4.13: Results for coverage and relevance of the knowledge entries in the constructed knowledge
base against the gold knowledge, with different numbers of knowledge generation steps.

Table 4.12: Results for knowledge generation with and without the use of the Knowledge Base (KB),
while varying the prompt construction with and without the relevant few-shot examples.

Overlap Non-Overlap

KB Few-Shot EM SS EM SS
w/o KB Random 10.96 68.77 7.88 66.77
Retrieval 20.21 73.62 9.24 68.78
w/ KB Random 11.13 69.14 7.93 66.80
Retrieval 24.97 77.87 12.94 71.24

knowledge base construction. For evaluation, we use two metrics: Exact Match, which identifies whether
the knowledge base contains an entry that precisely matches the knowledge required for a given query,
and Semantic Similarity, which assesses how closely related the most similar entry (in the knowledge
base) is to the required knowledge based on the embedding-level similarity. As shown in Figure 4.13,
we observe that, under the Overlap setting, half of the knowledge entries needed for test-time queries
are available in the knowledge base while the Semantic Similarity is around 90%, which demonstrates
substantial coverage by our knowledge base. In addition, for the challenging setup where training and test
databases are distinct, we still observe that 20% of the test-time knowledge entries are available in the
knowledge base and that the Semantic Similarity exceeds 80%, showing the utility of our knowledge base.
Finally, as we increase the number of knowledge generation steps for each instance during knowledge base
construction, we observe a corresponding improvement in both coverage and relevance of our knowledge

base, which supports the effectiveness of our expansion strategy to enrich its diversity.

Analysis on Knowledge Generation Recall that we further refine the retrieved knowledge to make
it more suitable for each query, in addition to constructing the knowledge base and retrieving the relevant
knowledge. Thus, to see how relevant the generated knowledge is to the human-annotated gold knowledge
with regards to the use of our knowledge base, we report comparison results according to Exact Match
and Semantic Similarity (SS) in Table 4.12. We observe that when we retrieve the relevant knowledge
from the knowledge base and then use it for knowledge generation, there are performance gains over the

case where we do not leverage it, which indicates that the retrieved knowledge is helpful in formulating
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Table 4.15: Retrieval results with different scenarios and models.

Settings Models MRR Top@3 Top@10
BERT 0.5506 0.6621 0.8911

Overlap TAS-B 0.5630 0.6943 0.9035
TAS-B* 0.8288 0.9143 0.9765
BERT 0.2148 0.2692 0.4231

Non-Overlap TAS-B 0.2364 0.3846 0.4615
TAS-B* 0.7565 0.8347 0.9210

the necessary knowledge for test-time queries. We also provide few-shot examples to guide the knowledge

generation model in generating useful knowledge in the right format, and when we select them based on

their similarities with the given query, we observe further gains in the quality of the generated knowledge.

Beyond evaluating the quality of the gener-  Table 4.13: Text-to-SQL results without using any
ated knowledge by comparing it to the human- knowledge, based on the retrieved knowledge, and

annotated gold knowledge, we also examine the
impact of knowledge generation on downstream
text-to-SQL performance with and without the in-
corporation of generated knowledge. As shown in
Table 4.13, compared to the results without the
knowledge retrieval and generation on both Over-
lap and Non-Overlap settings, there are substan-
tial improvements when we incorporate the re-
trieved knowledge from our knowledge base into

the text-to-SQL generation process. Furthermore,

based on the refined knowledge from the retrieved
knowledge (our KAT-SQL).

Settings Models EX
KAT-SQL (Ours) 41.18

Overlap  w/o Generation 38.94
w/o Retrieval & Generation 23.76
KAT-SQL (Ours) 41.07

Non-Overlap w/o Generation 38.42

w/o Retrieval & Generation 20.66

instead of directly using the retrieved knowledge, refining this retrieved knowledge yields additional im-

provements, underscoring the importance of not only retrieving relevant knowledge but also tailoring it

to better align with the specific needs of test-time queries.

Generalization Analysis to Different Domains
To see whether our knowledge base can be gener-
alizable to databases of different domains (that are
not overlapped with those for knowledge base con-
struction), we breakdown the performance based on
whether test databases share domains with training
databases or belong to different domains (according
to 37 domains categorized from Li et al. [6]). As
shown in Table 4.14, our KAT-SQL achieves sub-

Table 4.14: Breakdown text-to-SQL results into
overlapping and non-overlapping domain settings
between training (knowledge base construction)
and test (text-to-SQL evaluation) databases.

Models Overlap Non-Overlap
No Knowledge 22.85 16.20
DELLM 27.20 19.43
KAT-SQL (Ours)  49.37 24.19

stantially higher performance when test databases overlap with training domains compared to those

from unseen domains; however, even in the latter case, KAT-SQL still outperforms existing baselines.

These results indicate that, while the lack of domain overlaps degrades the performance, our knowledge

base still provides meaningful benefits for unseen domains, demonstrating its generalizability.
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Table 4.17: Results of KAT-SQL with the state-of-the-art text-to-SQL model on the BIRD leaderboard.

Models EX
ChatGPT 24.05
ChatGPT + CoT 25.88
ExSL + granite-20b-code 51.69
ExSL + granite-20b-code w/ KAT-SQL (Ours) 57.56
ExSL + granite-20b-code w/ Oracle Knowledge 65.38

Retrieval Analysis We also analyze the accuracy of knowledge retrieval from our knowledge base
by reporting its retrieval performance in Table 4.15 according to Mean Reciprocal Rank (MRR) and
Top@K Accuracy. We observe that the retrieval accuracy on the Overlap setting is higher than that on
the Non-Overlap setting, due to the less availability of relevant knowledge required for test-time queries
in the Non-Overlap setting. Yet, when we replace the knowledge base constructed from our approach
with the Oracle knowledge base (*), which includes all the necessary knowledge for test-time queries, the
MRR on both settings reaches around 80%, indicating the importance of expanding the coverage of the
knowledge base for accurate knowledge retrieval. The table also compares the performance of different
basis models for retrieval — BERT [26] and TAS-B [35] — with the latter being fine-tuned for retrieval. It
can be seen that the extra training of the model on retrieval tasks aids in achieving superior performance

for retrieving the knowledge for text-to-SQL.

Analysis with Different LLMs To evaluate Table 4.16: Text to SQL results with different LLMs.

how robust our KAT-SQL approach is across dif-

LLMs Methods Overlap Non-Overlap

ferent LLMs, we conduct the additional analy- No Knowledge 23.76 20.66
f s DELLM 34.70 24.64
sis instantiating the text-to-SQL and knowledge Llama  KAT-SQL 118 e

generation models with other recent LLMs such " Oracle Knowledge 5467 - 4941
as Granite 34B [392] and Mixtral 8x7B [363]; re- No Knowledge 25.83 17.75
] ) DELLM 34.04 20.21
sults are shown in Table 4.16. From this, we ob- Granite  KAT-SQL 39.28 35.83
serve that KAT-SQL consistently outperforms all Oracle Knowledge ~ 46.56 38.32
. . . No Knowledge 11.75 10.58
baselines regardless of the choice of LLMs, which " 1 DELLM 2717 11.29

. - ixt

demonstrates the effectiveness and versatility of peral KATSQL 2031 - 2030

Oracle Knowledge 37.26 30.88

our proposed KAT-SQL approach.

Finally, we augment the state-of-the-art text-to-SQL model (in the setting without oracle knowledge)
on the BIRD leaderboard [6], namely ExSL + granite-20b-code, using the knowledge generated from our
proposed knowledge base construction-based approach. As shown in Table 4.17, we observe that the text-
t0-SQL model combined with our KAT-SQL approach establishes the new state-of-the-art performance,
highlighting the value of our method as a powerful tool for text-to-SQL.

Analysis on Efficiency While our primary focus is on improving the text-to-SQL accuracy through
knowledge base construction and augmentation, we also consider the efficiency of our approach. Note
that the construction of the knowledge base is performed offline and does not affect real-time query
processing; therefore, the extra computational overhead comes from retrieving relevant knowledge and

generating the SQL statement for the given query. In this regard, our retrieval process accounts for only
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Table 4.18: Case study of knowledge and SQL generation results from three queries.

Example Query Generated Knowledge and SQL

Generated Knowledge:

1) lower minimum salary refers to MIN(minsalary)

2) Account Representative and Trainee are position titles
Generated SQL:

SELECT positiontitle FROM position WHERE positiontitle
= ’Account Representative’ OR positiontitle = ’Trainee’
ORDER BY minsalary ASC LIMIT 1

Generated Knowledge:

Among the employees | 1) New York refers to state = ’*NY’

working at the office in | 2) good job performance refers to performance = ’Good’
Example 2 | New York, how many of | Generated SQL:

them have a good job | SELECT COUNT(*) FROM employee AS T1 INNER JOIN location
performance? AS T2 ON T1.locationID = T2.locationID WHERE T2.state =
’NY’ AND T1.performance = ’Good’

Generated Knowledge:

1) albumin is within normal range refers to ALB between 3.5
For all patients born in | and 5.5

1982, state if their al- | Generated SQL:

bumin is within normal | SELECT CASE WHEN T2.ALB >= 3.5 AND T2.ALB <= 5.5

range. THEN ’normal’ ELSE ’abnormal’ END FROM Patient AS T1
INNER JOIN Laboratory AS T2 ON T1.ID = T2.ID WHERE
STRFTIME(’%Y’, T1.Birthday) = ’1982’

Which position has a
lower minimum salary,
Account Representative
or Trainee?

Example 1

Example 3

Table 4.19: Examples of original and its (similar) constructed knowledge within the knowledge base.

Example Original Knowledge Constructed Similar Knowledge

1) albumin is outside the normal range refers to ALB less than
3.5 or greater than 5.5

2) glucose is within normal range refers to GLU between 70 and
100 mg/dL

3) Hemoglobin (Hb) is considered normal for males if levels range
from 13.5 to 17.5 g/dL

1) Eligible reduced-price rate for K-12 = Reduced-Price Meal
Count (K-12) / Enrollment (K-12)

2) Eligible free meal rate for students aged 5-17 = Free Meal
Count (Ages 5-17) / Enrollment (Ages 5-17)

3) Difference between K-12 and ages 5-17 enrollment =
Enrollment (K-12) - Enrollment (Ages 5-17)

albumin is within nor-
Example 1 | mal range refers to ALB
between 3.5 and 5.5

Eligible free rate for K-12
Example 2 | = Free Meal Count (K-
12) / Enrollment (K-12)

Slovakia can be rep- | 1) France can be represented as Country = ’FRA’
Example 3 | resented as Country = | 2) Brazil can be represented as Country = ’BRA’
’SVK? 3) Monaco can be represented as Country = ’MCO’

2% of the overall generation time, thanks to efficient search algorithm [237], making its impact negligible.
Also, although incorporating knowledge into the text-to-SQL pipeline increases the prompt length by
30%, this overhead aligns with other knowledge augmentation methods (such as DELLM) and does not

introduce additional latency specific to our approach. Overall, each query is processed under 5 seconds.

Examples We provide examples for the knowledge generation and text-to-SQL in Table 4.18 as well
as the entries in the knowledge base in Table 4.19.

4.3.5 Summary

In this work, we proposed a novel knowledge base construction-based text-to-SQL approach called
KAT-SQL, based on the motivation that one piece of knowledge can be reused across multiple queries

and databases. Our approach involves the creation of the knowledge base from which relevant knowledge
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is retrieved and utilized to generate SQL statements from queries. Through extensive evaluations on
multiple datasets with two different scenarios, we showed that KAT-SQL outperforms relevant base-
lines. In addition, our detailed analyses highlight the effectiveness of each component in the knowledge

generation and retrieval processes, but also the high coverage and relevance of the entries in the base.
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Chapter 5. Conclusion and Future Work

5.1 Summary of Contributions

This dissertation investigated contextualization (i.e., the process of retrieving, structuring, verifying,
and integrating knowledge) as a foundational principle for advancing the capabilities of modern founda-
tion models beyond parameter scaling. In particular, while scaling laws have driven much of the recent
progress in large models, the limitations of their internalized knowledge (which could be incomplete and
outdated), along with the inherent statelessness of these models, impose a ceiling on reliability. Accord-
ingly, this thesis argued that the effectiveness of a model is ultimately governed not by its architectural
improvements or sizes but by the quality of the context supplied to it at inference time. The dissertation
presented three interconnected research directions that collectively advance this central thesis, as follows:

First, we proposed several knowledge-augmented contextualization methods [15, 16, 17, 18] that al-
low models to effectively incorporate structured, unstructured, and multimodal sources without modify-
ing their parameters. Across tasks involving knowledge graphs, text, and video, these approaches showed
that even closed-source models can operate over richer and more targeted knowledge when equipped
with appropriately constructed context. Furthermore, we identified failure modes of contextualization
methods: retrieval errors and grounding errors, and introduced Knowledge-Augmented Language Model
Verification (KALMV) and its streaming variant [19, 20], which detects and rectifies these errors through
iterative verification, substantially reducing hallucinations and improving factual consistency.

Second, we developed retrieval techniques that broaden the knowledge space for contextualization.
Specifically, we explored multimodal document representation learning for retrieval [22], temporal and
visual retrieval from videos [17], and relational fact retrieval from knowledge graphs [21]. Additionally,
these techniques further demonstrate how heterogeneous knowledge (such as text, images, tables, videos,
and graph facts) can be transformed into representations, which are compatible with retrieval for the
conventional text corpus. Extending this idea further, I proposed a universal retrieval framework capable
of generating source-specific queries while maintaining a unified interface across modalities and schemas.

Third, we demonstrated how contextualization enables real-world applications requiring domain-
specific grounding, which includes (1) personalized query suggestion via lightweight user-specific knowl-
edge stores [23]; (2) scientific idea generation and refinement through the integration of papers, citation
graphs, and concept-level knowledge [24]; and (3) natural-language access to enterprise databases via
knowledge-base construction for text-to-SQL generation [25]. Across these domains, contextualization

consistently enhanced accuracy, relevance, and domain suitability, showing its practical value.

5.2 Future Research Directions

While this dissertation establishes contextualization as a foundational principle for advancing the
reliability, adaptability, and applicability of foundation models, several important avenues remain open.
Below, we outline promising future directions that could further expand the impact of contextualization

and support the development of more capable Al agents and systems.
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Conflict- and Reliability-Aware Contextualization As models increasingly rely on heterogeneous
and independently constructed knowledge sources, both knowledge conflicts (arising across sources, over
time, or across perspectives) and varying levels of source reliability pose new challenges; however, most of
the current retrieval and augmentation strategies primarily optimize for relevance and do not explicitly
model contradictions, uncertainty, or the trustworthiness of evidence. Therefore, future work may develop
conflict- and reliability-aware contextualization mechanisms that (1) detect and represent disagreements
and reliability signals across retrieved evidence, (2) perform perspective alignment that accounts for
the provenance and trustworthiness of each source, and (3) enable models to reason about uncertainty,
competing hypotheses, and source credibility. Such mechanisms would be particularly crucial in domains

like scientific discovery or law, where evidence could be heterogeneous and often ambiguous.

Memory-Enhanced Agentic Systems for Lifelong Contextualization As agents (powered by
foundation models) become increasingly autonomous and long-running, their behavior will depend not
only on immediate retrieval but also on their ability to build, maintain, and refine long-term mem-
ory. However, extending contextualization into a continual setting involves additional challenges: (1)
constructing persistent knowledge stores (potentially through graph-structures that better capture the
entities, relations, temporal updates, and provenance of accumulated knowledge); (2) maintaining tempo-
ral coherence, recency, and forgetting strategies; and (3) enabling models to update beliefs and contextual
knowledge over time while avoiding catastrophic drift. In addition, future research may unify retrieval,
memory organization, and verification into a single agentic framework, enabling agents to contextualize

themselves as they interact with the world, accumulate new information, and refine past knowledge.

Verification Beyond Knowledge-Grounded Contextualization One noteworthy observation in
this dissertation is that verification tends to be easier than generation within the domain of knowledge-
grounded contextualization (Section 2.2), since verification often takes the form of checking consistency
between a query, retrieved evidence, and generated output: an operation that reduces to a discrimination
problem where relevance (to the query) and grounding (in the output) can be evaluated with explicit
knowledge. Yet, this structural advantage does not generalize to settings in which truth is not explicitly
observable. For example, domains such as evaluating open-ended research ideas (Section 4.2) may lack a
single authoritative ground truth and require reasoning over interpretations that vary across jurisdictions,
framings, and disciplinary perspectives. In other words, in such settings, verifier (and reward) models
should reason over multiple plausible interpretations rather than checking consistency, and it makes
verification far more ambiguous and subjective. This gap suggests that while contextualization benefits
from the verifiable structure, advancing verification mechanisms capable of operating under uncertainty,

plurality, and contested notions of correctness should be an interesting direction for future work.
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