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QuOTE: Question-Oriented Text Embeddings

Andrew K. Neeser

(ABSTRACT)

We present QuOTE (Question-Oriented Text Embeddings), a novel enhancement to retrieval-

augmented generation (RAG) systems, aimed at improving document representation for

accurate and nuanced retrieval. Unlike traditional RAG pipelines, which rely on embed-

ding raw text chunks, QuOTE augments chunks with hypothetical questions that the chunk

can potentially answer, enriching the representation space. This better aligns document

embeddings with user query semantics, and helps address issues such as ambiguity and

context-dependent relevance. Through extensive experiments across diverse benchmarks, we

demonstrate that QuOTE significantly enhances retrieval accuracy, including in multi-hop

question-answering tasks. Our findings highlight the versatility of question generation as

a fundamental indexing strategy, opening new avenues for integrating question generation

into retrieval-based AI pipelines.



QuOTE: Question-Oriented Text Embeddings

Andrew K. Neeser

(GENERAL AUDIENCE ABSTRACT)

Modern artificial intelligence tools often help users by searching through large collections

of documents and then using those search results to generate answers. This process can

sometimes misinterpret a question or miss important connections in the text. In our work, we

introduce QuOTE, a simple yet powerful method that teaches the system to think in terms of

questions: each piece of text is paired with relevant, hypothetical questions it could answer.

By organizing information around questions and answers, QuOTE creates clearer, more

meaningful representations of documents. In tests that include cases where answers require

combining information from different parts of a document, QuOTE consistently retrieves

more accurate and relevant information than traditional approaches. This question-based

indexing approach makes search-and-answer systems more reliable and could enhance a wide

range of everyday tools, from virtual assistants to online help desks.
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Chapter 1

Introduction

1.1 Introduction

Retrieval-augmented generation (RAG [32, 33, 36]) serves as a significant contribution to

the deployment and acceptance of LLMs in practice. Given a user’s prompt, RAG retrieves

relevant information from a document collection, augments (prefixes) it to the user’s prompt,

thus helping ensure that any generated content can be accurate, pertinent, and grounded

in up-to-date information. In a typical RAG implementation, at pre-query time, the corpus

is broken down into chunks, which are stored as vector embeddings. At query time, these

chunks are searched and used to augment the user’s prompt. Several variants of RAG have

been proposed over the years [2, 4, 12] to address specific use cases and challenges.

RAG has helped reinforce the criticality of information retrieval (IR) as a vital component

of modern NLP and AI pipelines. Despite this resurgence, much of the focus has been on

enhancing the G (generation) component, often leaving advancements in the R (retrieval)

aspect comparatively underexplored. Recently, some notable efforts have emerged to address

this imbalance.

For example, Anthropic introduced contextual retrieval [1] where each chunk is augmented

with additional context before embedding; this approach is claimed to reduce incorrect chunk

retrieval rates by up to 67%. Similarly, recent works have explored prompt caching [7], a

1



strategy to reuse previously retrieved or generated results to optimize latency and computa-

tion costs in iterative or repetitive query scenarios.

We present an LLM approach to introduce synthetic questions into the indexing process.

While there has been prior work in using synthetic questions to enhance IR we believe our

specific architecture is unique and explores more completely the space of possibilities at this

intersection. Furthermore, synthetic data has emerged as a powerful tool across the LLM

ecosystem—supporting fine-tuning, improving robustness, and enabling data augmentation

in domains where labeled examples are scarce. However, IR has only just begun to explore

the potential of synthetic data in a systematic and principled way. Our work aims to close

this gap, demonstrating that when synthetic questions are generated and integrated with

care, they can significantly enhance document representations and sharpen retrieval focus.

One of our key insights is that documents can often be more effectively represented by the

questions they can answer, rather than by their direct content. To this end, for each chunk,

we propose generating a set of questions that the chunk is likely to answer, embedding these

alongside the original chunk content. We refer to such embeddings as Question-Oriented

Text Embeddings (QuOTE). Although the idea of synthetic questions has been explored in

IR before, we demonstrate key differences in our methodology that lead to significant gains

in performance.

This thesis makes the following contributions.

1. We demonstrate that the idea of embedding (hypothetical) questions along with text

chunks significantly enhances retrieval performance, particularly in scenarios where

nuanced understanding of the content is required. This idea holds promise beyond

RAG by opening up the possibility of question generation as a fundamental indexing

strategy.



2. We prioritize retrieval performance rather than generation quality in our evaluation,

and conduct an exhaustive empirical analysis of QuOTE with multiple language mod-

els, several key datasets, a range of query workloads, and compare it versus other

comparable systems. This gives insight into specific regions of the configuration space

where QuOTE performs best and future directions of research.

3. Beyond empirical results, we characterize the features of RAG settings where (and

why) QuOTE works, and how we can anticipate performance improvements prior to

embarking on QuOTE-style indexing for given corpora.



Chapter 2

Review of Literature

2.1 Related Work

Many studies have highlighted the impact of key design choices for the success of a RAG

implementation [23, 25, 28].

2.1.1 Dense vs Sparse Retrievers

The debate between dense and sparse retrievers continues into RAG research [3, 27]. Dense

retrievers, such as those based on vector embeddings, excel at capturing semantic similarity,

making them particularly effective for nuanced queries. However, sparse retrievers like BM25

and TF-IDF continue to dominate in scenarios where explicit token matches, such as named

entities, acronyms, or abbreviations, are critical to relevance. This distinction has led to

hybrid approaches in many RAG systems, which combine dense and sparse retrievers. For

example, a typical implementation involves first running a keyword-based sparse retrieval to

gather an initial pool of relevant chunks, followed by a dense retrieval to refine the results.

4



2.1.2 Retrievers vs Rerankers

Many RAG systems employ a two-step pipeline: a fast retriever selects the top-k candidate

chunks, and a reranker, typically a computationally intensive cross-encoder, reorders these

candidates for final use. While rerankers generally improve the quality of retrieved results,

recent research [11] cautions against extending reranking to larger candidate sets. Beyond a

certain threshold, performance tends to plateau and may even degrade, likely due to noise

introduced in larger retrieval pools. These findings underscore the importance of balancing

efficiency and effectiveness in the retrieval-reranking pipeline.

2.1.3 Exact search vs Approximate Nearest Neighbors (ANN)

Approximate nearest neighbor (ANN) techniques [10] have become the de facto standard

for scalable dense retrieval due to their ability to handle large corpora efficiently. However,

exact search methods, while computationally more demanding, offer greater precision in

certain use cases, such as high-stakes QA tasks. Several studies [19, 34] compare these

approaches, highlighting trade-offs in latency, accuracy, and robustness to query variations.

For instance, ANN methods may struggle with long-tail queries or datasets containing subtle

semantic distinctions.

2.1.4 Distractions vs Noise in RAG

Cuconasu et al. [5] study the performance of RAG for QA tasks in the presence of so-

called distracting and noise documents. Distracting documents are those with high retrieval

scores, but that do not contain the answer; noise documents are picked at random from the

corpus. The interesting finding from this study was that while distracting documents lead



to performance deterioration as expected, noise documents lead to improved performance,

presumably due to better reliance on pretrained reasoning. However, these findings are

somewhat questioned by recent work [16], which suggests that noise documents can degrade

system reliability in certain settings, calling for further investigation.

2.1.5 Real vs Hypothetical Embeddings

Contextual retrieval techniques, such as Anthropic’s approach to augmenting chunks with

additional information before embedding, have emerged as promising ways to reduce retrieval

errors. Similarly, Hypothetical Document Embeddings (HyDE) [6] involve generating syn-

thetic text based on the query and embedding it alongside real documents. These methods

aim to capture query-specific nuances, resulting in more robust retrieval in open-domain

and QA contexts. Our work builds on these approaches by leveraging question-based chunk

representations for improved relevance.

2.1.6 Supporting Asymmetric QA Tasks

In many QA scenarios, particularly in customer support and enterprise search, there ex-

ists a fundamental asymmetry: user queries are often brief, while answers require detailed,

structured information. RAG systems addressing this imbalance have incorporated tech-

niques such as hierarchical retrieval [18], multi-hop reasoning [20], and weighted retrieval

pipelines [13] to bridge this gap. Recent efforts in this domain include query-expansion

strategies [31] and retrieval conditioning [35] to better align user intent with document gran-

ularity.



2.1.7 Neural Information Retrieval

Neural information retrieval methods aim to model complex semantic relationships and con-

textual relevance more effectively than traditional approaches. While approaches like Col-

BERT [14] and DPR [24] have made significant strides in dense retrieval, they continue to

struggle with nuanced information seeking behaviors, involving hierarchical relationships,

managing distributed information across multiple documents, and dealing with context-

dependent relevance ranking.

2.1.8 End-to-End RAG Systems

Fully integrated, end-to-end RAG systems (e.g., from companies like Vectorize.io) are be-

coming increasingly popular for tasks requiring seamless interaction between retrieval and

generation. Recent work [26] has focused on optimizing these systems for efficiency, scala-

bility, and robustness. End-to-end designs often integrate prompt caching, hybrid retrieval,

and adaptive reranking to achieve state-of-the-art performance across diverse NLP tasks.



Chapter 3

Methodology

3.1 QuOTE

QuOTE can be viewed in the lineage of query reformulation [29] and multi-hop reasoning [17],

but takes a unique perspective by focusing on question generation as a fundamental indexing

strategy. As discussed earlier, the naive RAG approach can fail to capture the intent behind

user queries, especially when queries are succinct (e.g., entity lookups) or require extracting

specific details from a chunk. In QuOTE we transform each chunk of text into multiple

(question + chunk) representations capturing a range of opportunities for retrieval. Note that

each generated question (plus chunk) is then stored as a separate “document” or embedding

in the vector database.

See Algorithm 3.1 for pseudocode to illustrate how QuOTE builds an index, and Algo-

rithm 3.2 for how it is queried. We next describe key stages of the pipeline (see Fig. 3.1):

See Fig. 3.1 for how QuOTE works.

Algorithm 3.1 (ht). Require: Corpus C, LLM, VectorDB, NumQuestions

1: function BUILDQUOTEINDEX(C, LLM, VectorDB, NumQuestions)

2: P ← SplitCorpus(C) ▷ Split into chunks/passages

3: for all p ∈ P do

4: Q← LLMGenerateQuestions(p,NumQuestions)

8



5: for all q ∈ Q do

6: doc← q∥p ▷ concatenate or store separately

7: VectorDB.Add(doc, metadata={originalChunk: p})

8: end for

9: end for

10: end function

Algorithm 3.2 (ht). Require: UserQuery u, VectorDB, k, M

1: function QUOTEQUERY(u, VectorDB, k, M)

2: uemb ← EMBED(u)

3: R← VECTORDB.QUERY(uemb, top = k ×M)

4: uniqueResults ← DEDUPLICATE(R)

5: finalContexts ← TOPK(uniqueResults, k)

6: answer ← LLM(UserQuery ∥ finalContexts)

7: return answer

8: end function

3.1.1 Question Generation at Pre-Query Time

We split the corpus into smaller passages (or chunks). For each chunk, we prompt an LLM

to generate a set of questions that the chunk can answer. While question generation is

a well studied topic in NLP [8, 9, 37]. The quality and diversity of generated questions

play a significant role in QuOTE’s effectiveness. We use an LLM with prompt engineering

(see Section 4.1.2) to create a representative set of questions with specificity and coverage.

By creating multiple question-based embeddings for each chunk, QuOTE better captures

diverse user queries that reference the same text in different ways. If a user’s query is similar



Figure 3.1: Overview of QuOTE. Documents are split into chunks and processed by a ques-
tion generator (LLM) to create relevant questions. Chunks along with the questions they
purport to answer are embedded in a vector database. At query time, a retriever and dedu-
plicator processes user queries to generate final responses.

(semantically) to one of the chunk-generated questions, that chunk becomes more likely to

rank highly, leading to more accurate retrieval.

3.1.2 Embedding

Instead of storing just the original chunk embedding, we store each generated question (along

with the original chunk) in the vector database. In Section 4.1.3 we demonstrate that the

performance of QuOTE is agnostic to the choice of embedding model.



3.1.3 Retrieval and Deduplication at Query Time

During query time, multiple retrieved “documents” often reference the same underlying

chunk. Hence, a deduplication step is necessary to ensure we select the top-k distinct chunks,

avoiding wasted slots. To this purpose we ‘over-retrieve’ top-k ×M results (for some value

of M) from the question-based embeddings. (Note that this de-duplication step is unique to

the QuOTE pipeline and is not a feature in classical RAG pipelines.)

3.2 Datasets and Metrics

While there exist a variety of datasets for RAG evaluation (see Table ??) not all are geared

toward evaluating retrieval performance as distinct from generation, which is our focus here.

For instance, QA datasets where we are evaluated against the quality of the generated answer,

or where the original ground truth chunks are not available, do not support assessing the

performance of QuOTE in helping improve retrieval of relevant chunks. Accordingly, we focus

on three benchmark datasets commonly used for question answering: Natural Questions

(NQ) [15], SQuAD [21, 22], and MultiHop-RAG [30]. These datasets vary in complexity,

domain coverage, and the style of questions, providing a broad platform to test the retrieval

capabilities of our approach.

3.2.1 Natural Questions (NQ)

The Natural Questions (NQ) dataset [15] is a large-scale benchmark, with questions directly

sourced from real user queries and answers keyed to Wikipedia articles. The dataset is split

into approximately 307k training examples and roughly 7.8k each in the development and

test sets. For each query, the dataset provides the relevant passages (long answer) and the



precise phrases or entities (short answer) where the answer resides.

One non-trivial issue pertains to multiple, highly similar passages in the same article. For

example, consider passages about the song “’Heroes”’ by David Bowie from the Wikipedia

article titled “Heroes (David Bowie song)”. This article has two passages that are nearly

identical, differing only in minor wording (e.g., “in the UK” vs. “in the United Kingdom”).

These slight variations do not change the factual content but result in multiple, nearly

duplicate contexts.

Such minor differences unnecessarily fragment the dataset into multiple contexts, each la-

beled as distinct. This discrepancy complicates retrieval-based evaluations because systems

are penalized if they return an almost-correct chunk that differs by only a few words from

the one labeled as ground-truth.

To address this issue, we merge highly similar chunks based on a text-similarity threshold,

combining their respective questions into a single context group. This merging strategy

reduces noise and ensures that semantically equivalent passages (or chunks) are treated as

one, allowing retrieval mechanisms to focus on true distinctions in content rather than trivial

rephrasings.

3.2.2 SQuAD

The Stanford Question Answering Dataset (SQuAD) [21] is widely recognized as a benchmark

for reading comprehension and extractive QA. Each question is associated with an exact

answer span in the corresponding article, ideal for our extractive evaluation purposes.



3.2.3 MultiHop-RAG

MultiHop-RAG [30] is specifically designed to test multi-hop question answering. Unlike

SQuAD and NQ, which pair each question with a single relevant paragraph or article,

MultiHop-RAG associates multiple ground-truth documents with each query. For instance,

a query such as: “Which company is being scrutinized by multiple news outlets for anticom-

petitive practices and is also suspected of foul play by individuals in other reports?” will

require cross-referencing two or more articles to gather the necessary evidence.

3.2.4 Government Report Dataset

Dataset Overview. We introduce a novel evaluation corpus derived from the Hugging

Face repository launch/gov_report, consisting of technical reports and corresponding human-

authored summaries issued by U.S. government research agencies, including the Congres-

sional Research Service and the U.S. Government Accountability Office. These reports are

notably longer and delve deeply into specialized policy, budgetary, and regulatory content

compared to conventional QA benchmarks, making them particularly suitable for testing

long-range retrieval capabilities.

Chunking and Preprocessing. To prepare this dataset for the QuOTE indexing pipeline,

we extracted a randomly selected subset comprising 10,000 textual passages (”chunks”). The

preprocessing steps included:

• Sentence Segmentation: Reports were segmented into sentences using NLTK’s

sent_tokenize, preserving natural linguistic boundaries.

• Token-Length Control: We employed a RoBERTa-base tokenizer for GPU-accelerated



batch token counting (maximum length of 512 tokens per batch). Sentences were then

greedily combined into chunks ranging from 256 to 512 tokens, ensuring sentence in-

tegrity was maintained.

Synthetic Query Generation. We augmented each chunk with synthetic retrieval-oriented

queries using Google’s gemini-2.0-flash-lite-001 model via the OpenRouter API. Query

generation involved:

• Prompt Design: A specifically designed system prompt guided the model to gener-

ate multiple precise and pronoun-free queries formatted explicitly as ”Question: …”.

These queries targeted specific factual details, entities, dates, or policy outcomes ex-

plicitly mentioned within the chunk while explicitly avoiding generic references such

as ”according to the passage.” representation.

Transformation to QA Format. The generated data was then transformed into a com-

patible format, facilitating direct integration with our existing evaluation framework. The

transformation included:

• Using each chunk’s original document identifier as a ”title” under which contexts were

organized.

• Identical contexts appearing under the same title were merged, unifying their sets of

generated questions.

• This process resulted in a structured JSON mapping of each document title to associ-

ated context-question pairs, prepared explicitly for retrieval evaluations.

The introduction of this Government Report dataset enables QuOTE to be rigorously eval-

uated on extensive, domain-specific documents, providing insights into the scalability and



efficacy of question-oriented indexing strategies in realistic policy and regulatory document

scenarios.

3.2.5 Ensuring No Data Leakage

To rigorously maintain the integrity of our evaluations and prevent any potential data leak-

age, we implemented a stringent verification step. Specifically, we ensured that none of the

synthetic queries generated during the QuOTE indexing pipeline matched any queries from

the evaluation sets. This critical step guarantees that the evaluation process accurately re-

flects the retrieval performance without contamination, allowing us to confidently attribute

observed performance improvements solely to the effectiveness of our QuOTE approach.

3.2.6 Algorithms Compared

To contextualize our evaluation results, we compare the following retrieval pipelines:

• NaiveRAG. Standard retrieval-augmented generation using ChromaDB without any

query or index-time augmentation. Chunks are embedded and indexed directly, and

at query time the user’s prompt is embedded and matched against these raw chunk

embeddings.

• HyDE. Hypothetical Document Embeddings [6], a query-time transformation ap-

proach that first uses an LLM to generate a “pseudo-document” from the user’s query,

embeds that document, and retrieves chunks based on this enriched representation.

• Contextual Retrieval. Anthropic’s contextual embedding strategy [1], which prepends

a short descriptive context—derived by prompting an LLM with both the full document



and each chunk—to the chunk before embedding. This situates each chunk within its

originating document at index time.

• Doc2Query-QuOTE. A lightweight variant of QuOTE where, instead of using a full

LLM, we employ a trained doc2query transformer model to generate questions for

each chunk. These questions are embedded alongside the chunk and deduplicated at

query time exactly as in the standard QuOTE pipeline.

• QuOTE-OneDoc. An index-time variant of QuOTE in which all questions generated

for a chunk are concatenated into a single “super-chunk” document. This removes the

need for a deduplication step at query time but still leverages question-based index

augmentation.

3.2.7 Evaluation Metrics

To evaluate retrieval performance across both single-hop and multi-hop settings, we employ a

combination of custom task-specific metrics and standard information retrieval (IR) metrics.

These metrics are chosen to reflect both the precise retrieval demands of real-world QA

applications and the broader effectiveness of the QuOTE framework.

Single-hop QA (SQuAD, NQ, Gov Report). In these datasets, each query typically

maps to a single relevant Wikipedia article and a specific paragraph containing the answer

span. Our primary evaluation focuses on whether QuOTE can isolate both the correct

document and the exact supporting passage:

• Context Accuracy (C@k): The fraction of queries for which the correct paragraph-

level context appears within the top-k retrieved results. A retrieval is considered

successful if the paragraph containing the short answer is retrieved within the top-k.



• Title Accuracy (T@k): The fraction of queries for which the correct article title

is present in the top-k results. This is a coarser but useful indicator of whether the

system locates the right document, even if it misses the exact span.

Multi-hop QA (MultiHop-RAG). These queries are more complex and may require

integrating multiple evidence pieces across different documents. We use two levels of accuracy

to capture this added difficulty:

• Full Match Accuracy (Full@k): All necessary evidence documents must appear

within the top-k. Missing even one piece of required evidence results in a failed retrieval

under this strict criterion.

• Partial Match Accuracy (Part@k): Measures the proportion of required evidence

that is successfully retrieved in the top-k. This reflects how incomplete retrieval still

contributes to partial reasoning and highlights how retrieval errors degrade overall QA

performance.

Standard IR Metrics. To enable direct comparison with prior RAG systems, and as

reported in Section 4.1.1, we also include standard retrieval metrics commonly used in the

IR literature:

• Normalized Discounted Cumulative Gain (NDCG@k): Measures ranking qual-

ity by rewarding systems that place relevant documents higher in the retrieval list.

• Mean Average Precision (MAP@k): Computes the mean of average precision

scores across queries, particularly useful when queries may have multiple relevant doc-

uments.



• Mean Reciprocal Rank (MRR@k): Captures the inverse rank of the first relevant

document, making it particularly sensitive to how quickly a relevant result is retrieved.

While NDCG, MAP, and MRR provide useful insight—especially for comparing embedding

models—we primarily rely on Context Accuracy (C@k) and Title Accuracy (T@k)

throughout this work. These metrics offer clear and interpretable signals about retrieval

effectiveness at both the paragraph and article level, aligning closely with real-world appli-

cations where finding the right information with high precision is paramount.



Chapter 4

Evaluation

4.1 Evaluation

We conduct a comprehensive evaluation to answer the below questions:

1. (Section 4.1.1) How does QuOTE perform using standard RAG retrieval metrics such

as NDCG, MAP, and MRR compared to Naive retrieval?

2. (Section 4.1.2) Is QuOTE able to automatically generate questions that improve the

performance of retrieval-augmented generation?

3. (Section 4.1.3) How sensitive is QuOTE performance to the choice of embedding model?

4. (Section 4.1.4) How many questions must be generated for QuOTE to be effective?

5. (Section 4.1.5) How does QuOTE compare to HyDE, the state-of-the-art approach to

query enrichment?

6. (Section 4.1.6) Can we replace LLM-based question generation with lighter-weight

alternatives like doc2query without sacrificing retrieval performance?

7. (Section 4.1.7) How does Contextual Retrieval compare to QuOTE and Naive RAG in

terms of retrieval effectiveness and computational cost?

8. (Section 4.1.8) How negligible or significant is QuOTE’s deduplication overhead?
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9. (Section 4.1.9) How does QuOTE perform when all questions for a chunk are combined

into one document instead of stored separately?

10. (Section 4.1.10) How does question–question similarity pruning affect retrieval perfor-

mance?

11. (Section 4.1.11) Because QuoTE uses an LLM for question generation as well as for

answer generation, can we employ a cheaper model for question generation and does

this significantly affect performance?

12. (Section 4.1.12) Can we characterize the properties of contexts for which QuOTE has

selective superiority?

4.1.1 Performance Using Standard RAG Metrics

Table 4.1 compares QuOTE against the Naive RAG baseline using standard retrieval metrics

across multiple datasets, alongside Context and Title Accuracy for reference.

Table 4.1: Comparison of QuOTE and Naive RAG using standard retrieval metrics on
SQuAD, Natural Questions (NQ), and GovReport datasets.

Metric SQuAD NQ GovReport

Naive vs QuOTE
C@1 59.02 / 64.68 27.41 / 27.77 31.76 / 40.25
C@5 81.71 / 82.55 63.34 / 66.96 53.77 / 61.50
T@1 80.38 / 81.23 81.03 / 80.32 65.46 / 65.90
T@5 90.58 / 88.49 94.81 / 95.09 78.14 / 74.57
MRR@1 0.6799 / 0.7171 0.4061 / 0.4238 0.4006 / 0.4845
MRR@5 0.6954 / 0.7322 0.4472 / 0.4653 0.4389 / 0.5221
NDCG@1 0.6799 / 0.7171 0.4061 / 0.4238 0.4006 / 0.4845
NDCG@5 0.7143 / 0.7441 0.4627 / 0.4851 0.4348 / 0.5172
MAP@1 0.6799 / 0.7171 0.4061 / 0.4238 0.4006 / 0.4845
MAP@5 0.6954 / 0.7322 0.4472 / 0.4653 0.4389 / 0.5221



We observe consistent improvements with QuOTE over the Naive approach across all metrics

and datasets, notably in NDCG@5 and MAP@5, indicating better-ranked retrieval results.

These metrics validate QuOTE’s effectiveness in accurately ranking and retrieving relevant

passages, further supporting findings indicated by Context and Title Accuracy.

4.1.2 Effect of Different Prompts to Generate Questions

A central consideration for QuOTE-style indexing is how the prompt itself influences the

quality of generated questions. We compare two main prompt templates:

• Basic Prompt: Instructs the model to “Generate enough questions to properly cap-

ture all the important parts of the text”. The questions are short, direct, and do not

include advanced reasoning cues.

• Complex Prompt: Adds instructions for more detailed or multi-hop reasoning. In

MultiHop-RAG, for example, the complex prompt explicitly requests multi-hop ques-

tions referencing multiple pieces of information. In SQuAD or NQ, it encourages short

factual queries without referencing the text directly, thereby aiming for more robust

coverage of the chunk’s content.

We compare the performance of both these prompts with a naive RAG implementation. As

Table 4.3 shows, the Complex Prompt achieves the highest Top-1 Context Accuracy over-

all. Title Accuracy metrics remain near-perfect across all methods beyond Top-1, indicating

that differences among prompts are most pronounced at the paragraph selection level. These

observations suggest that more advanced prompting yields modest but meaningful improve-

ments in precisely identifying relevant questions for specific passages.



Table 4.2: Prompt templates for Natural Questions (NQ), SQuAD, and MultiHop-RAG.

Dataset +
Prompt

Prompt Text (Single String)

NQ, SQuAD,
Gov Report
(Basic)

"Generate numerous questions to properly capture all the important
parts of the text. Separate each question-answer pair by a new line
only; do not use bullets. Format each question-answer pair on a single
line as 'Question? Answer' without any additional separators or spaces
around the question mark. Text:\{chunk_text\}"

NQ, SQuAD,
Gov Report
(Complex)

"Read the following text and generate numerous factual question-answer
pairs designed to resemble authentic user search queries and natural
language variations. Each question should accurately and semantically
capture important aspects of the text, with varying lengths and
complexities that mirror real-world search patterns. Include both
shorter, keyword-focused questions such as 'who founded Tesla Motors'
and longer, natural style questions like 'when did Elon Musk first
start Tesla company'. Incorporate 'how' and 'why' questions to reflect
genuine user curiosity. Avoid using phrases like 'according to the
text' and abstain from pronouns by specifying names or entities.
Ensure questions are not overly formal or artificial, maintaining a
natural query style. Immediately follow each question with its precise
answer on the same line, formatted as 'Question? Answer', without any
additional formatting or commentary. Each pair should be on its own
line. Text:\{chunk_text\}"

MultiHop-
RAG (Basic)

"Generate enough multi-hop questions along with their answers to
properly capture all the important parts of the text. These questions
should require integrating multiple pieces of information to answer.
Separate each question-answer pair by a new line only; do not use
bullets. Format each question-answer pair on a single line as
'Question? Answer' without any additional separators or spaces around
the question mark. Text:\{chunk_text\}"

MultiHop-
RAG (Com-
plex)

"Read the following text and generate complex, multi-hop questions
that require integrating multiple pieces of information from the text
to answer. The questions should involve reasoning and synthesis,
referring to different parts or aspects of the text. Do not use
phrases like 'according to the text', 'mentioned in the text', or
'in the text'. All questions should be one sentence long. Never use
pronouns in questions; instead, use the actual names or entities.
Format each question on a single new line as Question? Answer
without any additional separators or spaces around the question mark.
Text:\{chunk_text\}"



Table 4.3: Key retrieval metrics across Natural Questions (NQ), SQuAD, and MultiHop-
RAG for Naive, Basic, and Complex prompting strategies. Bolded values denote the best
performance for each metric.

Method NQ SQuAD MultiHop-RAG

C@1 C@5 T@1 T@5 C@1 C@5 T@1 T@5 Full@5 Full@20 Part@5 Part@20

Naive 32.92 89.23 99.85 100.00 82.58 96.00 98.70 99.13 8.00 21.50 29.6 50.0
Basic 34.77 92.46 99.85 100.00 85.82 98.16 99.46 99.89 3.00 16.50 27.7 47.5
Complex 38.00 92.15 99.69 100.00 90.26 98.81 99.68 99.78 8.50 26.50 31.7 54.9

4.1.3 QuOTE Performance vis-a-vis Embedding Model

Table 4.4 compares Naive vs. QuOTE modes on three datasets—SQuAD (single-hop),

NQ (single-hop), and MultiHop-RAG (multi-hop) across a range of datasets. We report

Top-k context/title accuracy for SQuAD and NQ, and full/partial match for MultiHop.

Despite large differences in baseline quality (e.g., jinaai vs. WhereIsAI vs. Alibaba), note

that QuOTE generally improves retrieval metrics (especially Top-1 Context Accuracy or

Full@20) regardless of the underlying embedding model. QuOTE often raises Top-1 Context

Accuracy by 5–17 points on SQuAD and 1–3 points on NQ, and can improve Full@20 by

up to several points in MultiHop-RAG. MultiHop-RAG remains challenging, as even large

gains may yield relatively modest absolute numbers (e.g., 9% or 10% full match at k = 5).

However, QuOTE still outperforms or closely matches a naive approach across all embedding

models.

4.1.4 Effect of Number of Questions

One key factor in question-oriented retrieval is deciding how many questions an LLM should

generate for each chunk of text. Generating too few may overlook critical details, while

generating too many can introduce redundancy or noise. We therefore tested multiple set-

tings across our three datasets (Natural Questions, SQuAD, and MultiHop-RAG), varying



Table 4.4: Performance of Naive vs. QuOTE modes on SQuAD, NQ, and MultiHop-RAG
across five embedding models. Per-row bolded entries denote the better value for that metric.

Embedding Model Approach C@1 C@20 C@1 C@20 Full@5 Full@20 Part@5 Part@20
SQuAD NQ MultiHop-RAG

gte-base-en-v1.5 Naive 59.94 96.35 54.25 91.59 6.50 25.50 29.2 55.7
QuOTE 77.16 97.68 57.18 92.72 9.00 27.50 32.0 56.9

text-embedding-3-small Naive 68.59 97.58 51.15 92.59 7.00 32.50 33.6 62.0
QuOTE 79.07 96.69 51.57 90.16 7.00 27.50 33.7 56.0

UAE-Large-V1 Naive 69.49 96.98 56.84 94.14 4.00 23.00 31.8 57.9
QuOTE 80.64 97.51 58.35 94.31 9.00 27.00 31.4 54.9

jina-embeddings-v3 Naive 65.45 94.45 53.87 93.76 4.50 25.00 26.0 53.0
QuOTE 76.97 96.94 55.17 93.72 6.50 24.00 29.9 51.6

MiniLM-L6-v2 Naive 65.53 95.03 50.77 87.23 5.00 20.50 26.8 51.2
QuOTE 72.35 97.75 51.19 88.57 5.50 20.00 26.9 47.0

the number of questions (1, 5, 10, 15, 20, 30) and also including an ‘LLM decides’ setting.

In each case, we measure how Context Accuracy and Title Accuracy changes, or in the

case of MultiHop-RAG, how Full Match and Partial Match scores are affected.

To systematically investigate the effect of varying the number of generated questions, we

parameterize our LLM prompt to either generate:

• Fixed # Questions: If a desired quantity num_questions is provided, the prompt

includes a directive such as:

"Generate exactly {num_questions} questions

to properly capture all the important parts

of the text."

• An LLM Decides # Questions: Here, the LLM is simply instructed to:

"Generate enough questions to properly capture

all the important parts of the text."



SQuAD Table 4.5 shows that as the number of generated questions per chunk increases

from 5 to around 10 or 20, Top-1 Context Accuracy rises from about 73% to as high as

76%, and Top-5 surpasses 97% in most settings. Title Accuracy also remains consistently

high, crossing 99% even at Top-1 for 10+ questions. Interestingly, letting the LLM decide

how many questions to generate (“LLM Decides”) yields a strong Top-1 Context Accuracy

of 76.17% and Top-1 Title Accuracy of 99.30%.

• Naive vs. 10 questions. A naive approach (66.60% Top-1 Context) significantly lags

behind generating 10 questions (74.91% Top-1), showing that question augmentation

dramatically helps correct chunk retrieval.

• Diminishing returns. Beyond 10–15 questions, the gains in Top-1 Context Accuracy

plateau around 74–76%. For instance, 20 questions achieve 76.66%, comparable to 10

questions at 74.91%.

Table 4.5: Performance comparison across different numbers of generated questions on
SQuAD, NQ, and MultiHop-RAG datasets. Results show Context and Title Accuracy at
different k values for SQuAD and NQ, and Full/Partial Match for MultiHop-RAG. Bolded
entries denote the best performance per metric.

Questions SQuAD NQ MultiHop-RAG
C@1 C@5 T@1 T@5 C@1 C@5 T@1 T@5 Full@5 Full@20 Part@5 Part@20

Naive 67.11 90.06 96.45 98.34 32.92 89.23 99.85 100.00 8.00 22.50 29.8 50.7

1 Question 66.02 90.12 96.07 98.58 32.46 91.85 100.00 100.00 15.00 30.00 37.0 61.2
5 Questions 77.05 94.90 97.81 99.24 35.85 92.46 99.69 100.00 12.00 33.00 37.9 61.6
10 Questions 77.58 95.03 97.39 98.41 35.85 92.46 99.54 100.00 16.00 35.00 38.2 62.2
15 Questions 77.22 94.05 96.49 97.47 38.31 90.92 99.69 100.00 14.00 34.00 32.1 60.3
20 Questions 76.24 93.07 95.73 96.45 35.85 92.31 99.69 100.00 14.00 35.00 34.9 63.8
30 Questions 76.05 92.18 95.05 95.73 34.00 90.15 99.54 99.69 11.00 30.00 31.5 58.5

LLM Decides 77.65 93.97 96.30 97.13 38.00 92.15 99.69 100.00 18.00 35.00 41.9 62.7

Natural Questions (NQ) We observe a similar pattern in Natural Questions (Table 4.5).

The naive approach (and letting the LLM decide automatically) both hover around 61–

64% Top-1 Context Accuracy. Generating 15 or 20 questions per chunk can push Top-1



Context Accuracy slightly higher, surpassing 64%. In general, Title Accuracy improves more

noticeably, approaching or exceeding 79% at Top-1 when 15+ questions are used.

• Moderate Gains. Unlike SQuAD, the gains from adding more questions in NQ are

more modest (e.g., from 61% to 65% in Top-1 Context Accuracy).

• Title Accuracy. By contrast, Title Accuracy climbs above 79% at Top-1 (with 15–20

questions), indicating that question generation consistently helps the system find the

right article, even if the precise paragraph-level retrieval remains challenging.

MultiHop-RAG Because MultiHop-RAG tasks require retrieving all relevant documents,

we track both Full Match Accuracy and Partial Match Statistics. As seen in Table 4.5:

• Full Match Accuracy. Baseline naive retrieval (LLM Naive) achieves only about

10% at k = 5 and 37% at k = 20. Using question generation with 5 or 10 questions

can improve the k = 5 Full Match from 10–12% to 15–16%, and from 19% to 24–25%

at k = 10. Even at higher k values (15 or 20), best-case Full Match remains in the

30–35% range, underscoring the challenge of truly multi-hop retrieval. Interestingly,

letting the LLM decide (without specifying a question count) yields 18% at k = 5 and

35% at k = 20.

• Partial Match. We also evaluate the average percentage of required evidence retrieved.

Generating around 5–20 questions consistently pushes partial match rates above 50–

60% at k = 15 or k = 20, compared to 35–45% with naive retrieval. This indicates

that even when the system does not achieve a complete full match, it still locates some

of the essential documents for partial reasoning.

These findings confirm that, while multi-hop queries remain significantly harder, carefully



chosen question sets (i.e., 10–20 questions) yield noticeable improvements over a naive ap-

proach.

• Generating more questions typically improves retrieval performance, but returns di-

minish beyond about 10–15 questions per chunk.

• Even a moderate number of questions (5–10) can outperform naive retrieval by a wide

margin in both single-hop (NQ, SQuAD) and multi-hop (RAG) settings.

• In multi-hop scenarios, partial match is also improved by question generation, indicating

that the system at least retrieves some relevant documents more reliably.

Overall, most datasets show a sweet spot around 10–15 questions, balancing coverage with

potential redundancy. Although letting the LLM fully decide the number of questions can

yield strong results in certain cases (e.g., SQuAD), the performance varies by dataset. Con-

sequently, the optimal question count appears to depend on domain complexity and the

specifics of the QA task.

4.1.5 Comparison with HyDE

A popular technique for query enrichment is HyDE, which generates a hypothetical doc-

ument at query time before embedding it and retrieving relevant chunks. Although HyDE

can improve coverage, it requires an LLM call for each incoming query, introducing signif-

icant latency. In contrast, QuOTE moves question generation to index time, incurring a

one-time cost but speeding up the overall querying process. We compare Naive RAG (no

query transformations), HyDE, and QuOTE on all three benchmarks. For SQuAD and

NQ we showcase Top-1 Context Accuracy and for MultiHop-RAG (multi-hop), because

queries need multiple pieces of evidence, we focus on Full Match at k = 20.



Table 4.6 shows that while HyDE sometimes boosts accuracy compared to a Naive ap-

proach, its per-query LLM calls lead to a drastic rise in average retrieval time

(+1–2 seconds per query). By contrast, QuOTE often equals or surpasses Naive’s retrieval

accuracy with only a modest query-time overhead, as most of its work is done in the indexing

phase.

Overall, these findings illustrate that while HyDE can be valuable in certain multi-hop

or complex queries, it incurs a substantial latency cost. In fact, HyDE can be viewed as

primarily a test-time compute innovation. QuOTE offers significant advantages: higher

retrieval accuracy than Naive in most cases, a one-time, amortized cost for question gener-

ation, and dramatic query latency improvements over HyDE.

Table 4.6: Comparison of Naive, HyDE, and QuOTE across three QA tasks. The fastest
(lowest time) and most accurate (highest accuracy) entries in each column are bolded. In
SQuAD, Naive is fastest while QuOTE achieves the highest accuracy; for NQ, Naive runs
fastest while HyDE slightly outperforms the others in accuracy; and in MultiHop-RAG,
Naive remains fastest, whereas QuOTE attains the highest full-match rates.

SQuAD NQ MultiHop-RAG

Approach Time(s) ms/q C@1 C@5 Time(s) ms/q C@1 C@5 Time(s) ms/q Full@5 Full@20

Naive 99.97 108.31 79.31% 95.88% 198.96 187.34 32.92% 89.23% 3.10 15.14 7.00% 23.00%
HyDE 1176.20 1274.32 76.60% 92.63% 2707.56 2549.49 33.23% 90.46% 1155.80 4157.83 6.00% 23.50%
QuOTE 130.56 141.46 90.03% 98.48% 388.38 365.71 38.00% 92.15% 926.41 100.75 8.00% 29.00%

4.1.6 Comparison with Doc2Query-QuOTE

To evaluate whether large language models (LLMs) are essential for high-quality question

generation in retrieval pipelines, we introduce a new baseline: **Doc2Query-QuOTE**.

In this variant, we replace the LLM used in QuOTE with a lightweight **doc2query**

transformer model trained to generate questions from passages. These questions are then

used identically to QuOTE—i.e., embedded alongside their source chunk, stored in the vector

index, and retrieved with the same deduplication pipeline.



Table 4.7 compares Doc2Query-QuOTE against both Naive and standard QuOTE across

three benchmark datasets.

Table 4.7: Comparison of Naive, Doc2Query-QuOTE, and QuOTE across standard retrieval
metrics on SQuAD, Natural Questions (NQ), and GovReport.

Metric SQuAD NQ GovReport

Naive Doc2Query QuOTE Naive Doc2Query QuOTE Naive Doc2Query QuOTE

Top-1 Context Accuracy 59.02 56.51 64.68 27.41 26.87 27.77 31.76 30.09 40.25
Top-5 Context Accuracy 81.71 78.96 82.55 63.34 63.20 66.96 53.77 50.88 61.50
Top-10 Context Accuracy 87.48 84.32 86.19 74.62 67.60 78.65 62.10 53.70 67.84
Top-20 Context Accuracy 91.50 84.65 88.23 81.65 67.71 83.62 69.18 53.73 71.83
Top-1 Title Accuracy 80.38 78.48 81.23 81.03 79.70 80.32 65.46 62.91 65.90
Top-5 Title Accuracy 90.58 88.60 88.49 94.81 94.33 95.09 78.14 74.39 74.57
Top-10 Title Accuracy 93.14 91.04 90.01 96.93 95.73 96.66 81.86 76.21 76.86
Top-20 Title Accuracy 95.08 91.29 91.05 98.13 95.82 97.39 85.19 76.25 78.88

Discussion. While Doc2Query-QuOTE follows the QuOTE pipeline structurally, its per-

formance consistently falls short—not only compared to QuOTE but also the Naive RAG

baseline. This underperformance is most pronounced in **Top-1 Context Accuracy**, where

Doc2Query-QuOTE lags significantly behind both alternatives across all datasets. These re-

sults suggest that simply appending automatically generated questions is not sufficient; the

quality and contextual alignment of those questions are critical.

To further investigate the semantic alignment of generated questions with evaluation queries,

we compute the cosine similarity between the top-5 generated questions for each passage and

the corresponding evaluation query. Figure 4.1 presents the distribution of cosine similarity

scores for QuOTE and Doc2Query-QuOTE on the GovReport dataset. Figure 4.2 shows

the corresponding results for the SQuAD dataset, demonstrating consistent trends across

domains.

We attribute the shortcomings of Doc2Query-QuOTE to two key limitations:

• Shallow Question Generation: The doc2query model lacks the reasoning depth and



Figure 4.1: Cosine similarity distribution between top-5 generated questions and evaluation
queries for QuOTE and Doc2Query on the GovReport dataset. The QuOTE distribution
(blue) exhibits higher mean and median similarity values than Doc2Query (orange), indicat-
ing that QuOTE produces questions more semantically aligned with the target queries.

linguistic precision of an LLM, often producing generic or loosely related questions.

This weakens the semantic link between the query and relevant passage during retrieval.

• Lack of Answer Supervision: Unlike QuOTE, which pairs each question with an

LLM-generated answer, Doc2Query-QuOTE relies on ungrounded queries alone. This

omission reduces the precision of chunk representations and limits their utility during

top-k retrieval.

These findings underscore the necessity of LLM involvement in both question and answer

generation for effective question-oriented indexing. QuOTE’s performance gains stem not

only from augmenting document representations with questions, but from doing so with



Figure 4.2: Cosine similarity distribution between top-5 generated questions and evaluation
queries for QuOTE and Doc2Query on the SQuAD dataset. Similar to the GovReport
results, the QuOTE distribution shows higher semantic alignment with target queries than
Doc2Query.

high-quality, context-sensitive, and answer-aware generations.

4.1.7 Evaluation of Contextual Retrieval

Motivation. Contextual Retrieval is a recent method introduced by Anthropic that en-

hances document chunk embeddings by prepending chunk-specific explanatory context be-

fore embedding. The goal is to create more semantically rich and situationally aware

representations—termed Contextual Embeddings—that better align with user queries.



Implementation. In our pipeline, we adopted the contextual embedding strategy by

prompting an LLM with both the full document and each chunk. The prompt was adapted

from Anthropic’s original specification, where Claude is instructed to generate a short snip-

pet situating the chunk within the document context:

<document>

{{WHOLE_DOCUMENT}}

</document>

Here is the chunk we want to situate within the whole document

<chunk>

{{CHUNK_CONTENT}}

</chunk>

Please give a short succinct context to situate this chunk

within the overall document for the purposes of improving

search retrieval of the chunk. Answer only with the succinct

context and nothing else.

This generated context is then prepended to the chunk before vector embedding. Unlike

Anthropic’s method, we do not apply this technique to a BM25 index—we evaluate purely

in the vector retrieval setting.

Limitations. Due to the computational overhead of including the entire document per

chunk prompt, we restricted this evaluation to a 1000-document subset of each dataset.

Compared to QuOTE, which augments once per chunk using isolated prompts, Contextual

Retrieval requires a much larger prompt context window, increasing latency and API costs

significantly.



Results. Table 4.8 compares Contextual Retrieval against Naive and QuOTE pipelines

for both SQuAD and GovReport datasets. While Contextual Retrieval achieves moderate

accuracy, it consistently underperforms compared to QuOTE and in some cases even the

Naive baseline. This is likely due to variability in generated context quality and limited

benefit from the added explanatory text when semantic similarity already suffices.

Table 4.8: Performance comparison of Contextual Retrieval against Naive and QuOTE
pipelines on a 1000-document subset of SQuAD and GovReport datasets.

Metric SQuAD GovReport

Naive Contextual QuOTE Naive Contextual QuOTE

C@1 72.76 71.23 77.14 38.49 36.38 50.51
C@5 92.07 91.56 92.38 63.68 63.40 76.13
C@10 96.03 95.41 94.78 74.12 73.56 83.60
C@20 98.53 97.96 95.75 82.92 82.97 87.65
T@1 95.67 94.66 94.74 88.31 88.10 88.66
T@5 98.41 97.76 96.49 93.59 93.44 91.97
T@10 99.11 98.73 96.68 95.32 95.32 93.37
T@20 99.52 99.21 96.92 96.80 96.85 94.33

Summary. While Contextual Retrieval introduces a compelling conceptual shift, the cost-

performance tradeoff is notable. On this 1000-document subset, it did not outperform ex-

isting QuOTE or Naive strategies. Future improvements may include hybrid models that

combine context-enhanced indexing with question-oriented augmentation or apply context

conditioning selectively based on document structure.

4.1.8 Effect of Deduplication

Deduplication is essential in QuOTE because each chunk can be indexed multiple times—

once per generated question—leading to redundant matches at query time. Again, We



Table 4.9: Comparison of retrieval approaches. Index=time to build database (seconds),
Query=time to process all queries (seconds), ms/q=milliseconds per query, C@1=Context
accuracy, T@1=Title accuracy. Bold indicates best per column.

App Index Query ms/q C@1 T@1
Naive 10.36 99.97 108.31 79.31% 96.64%
HyDE 10.14 1176.20 1274.32 76.60% 94.58%
QuOTE 170.32 130.56 141.46 90.03% 98.37%

compare Naive RAG, HyDE and QuOTE. When k = 1, deduplication is unnecessary, as

only one chunk is retrieved. However, when k ∈ {5, 10, 20}, QuOTE systems fetch more than

k results from the vector index (e.g., k × 5) and then deduplicate by original chunk text.

This extra step introduces a small overhead, but we find that QuOTE remains much faster

than HyDE (which invokes an LLM at each query) and substantially outperforms Naive in

Top-1 Context Accuracy.

Table 4.9 shows a head-to-head comparison of the three approaches on a SQuAD subset.

Each approach processes 923 queries for all benchmarks, we see that Naive is the fastest

and QuOTE the most accurate. The added overhead incurred by QuOTE over Naive

small relative to the cost of per-query generation in HyDE. Hence, QuOTE obtains both

superior accuracy and faster query times than HyDE, while incurring a one-time cost for

indexing. In settings where repeated queries are common, paying a higher index-time cost

can significantly improve responsiveness and end-user experience.

4.1.9 What Happens If We Combine All Questions Into One Chunk?

To further investigate the necessity of QuOTE’s deduplication step, we introduce a variant

we term QuOTE-OneDoc. Instead of storing a separate (question + chunk) embedding

per question, QuOTE-OneDoc aggregates all questions generated for a chunk and appends



them to that chunk as a single unified document. This method eliminates the need for

deduplication at query time, potentially reducing index size and simplifying retrieval.

We evaluate QuOTE-OneDoc across three benchmark datasets— SQuAD, Natural Questions

(NQ), and GovReport—and compare it to both the original QuOTE and the Naive baseline.

Index Size. Table 4.10 illustrates the dramatic reduction in index size using QuOTE-

OneDoc compared to the standard QuOTE approach.

Table 4.10: Total number of documents in the index under each method.

Method SQuAD NQ GovReport
QuOTE-OneDoc 18,891 7,368 9,960
QuOTE 237,977 106,384 134,364

Retrieval Accuracy. Table 4.11 summarizes the retrieval performance across the three

datasets.

Table 4.11: Comparison of retrieval performance across Naive, QuOTE-OneDoc, and
QuOTE variants. Bold indicates best performance per column.

Metric SQuAD NQ GovReport

Naive OneDoc QuOTE Naive OneDoc QuOTE Naive OneDoc QuOTE

C@1 59.02 55.32 64.68 27.41 26.08 27.77 31.76 33.50 40.25
C@5 81.71 78.19 82.55 63.34 65.11 66.96 53.77 56.93 61.50
C@10 87.48 84.41 86.19 74.62 77.15 78.65 62.10 65.37 67.84
C@20 91.50 89.08 88.23 81.65 84.75 83.62 69.18 72.20 71.83
T@1 80.38 78.42 81.23 81.03 81.95 80.32 65.46 66.63 65.90
T@5 90.58 89.09 88.49 94.81 96.29 95.09 78.14 79.21 74.57
T@10 93.14 91.93 90.01 96.93 98.19 96.66 81.86 82.93 76.86
T@20 95.08 94.16 91.05 98.13 98.95 97.39 85.19 86.25 78.88



Discussion. While QuOTE-OneDoc achieves moderate improvements over the Naive baseline—

especially in GovReport and NQ—the standard QuOTE variant consistently outperforms

OneDoc across most Top-k retrieval metrics. This suggests that distributing individual

(question + chunk) pairs across separate embeddings, despite increasing index size and ne-

cessitating deduplication, contributes substantially to QuOTE’s retrieval accuracy.

These findings highlight a critical tradeoff between retrieval precision and index size. While

QuOTE-OneDoc reduces storage and may simplify deployment, the standard QuOTEmethod

remains superior in accuracy, particularly for challenging single-hop tasks like SQuAD.

4.1.10 Effect of Question–Question Similarity Pruning

When generating multiple questions per chunk, many of those questions can be highly redun-

dant, inflating the index size without corresponding gains in retrieval performance. To ad-

dress this, we apply a question–question (Q–Q) similarity filter: after initial question–context

(Q–C) pruning, we compute pairwise cosine similarities among the remaining questions and

discard any question whose similarity to an earlier one exceeds a threshold. This retains

semantic diversity while reducing index size. These pruning experiments were conducted on

a subset of each dataset; the resulting document counts therefore differ from the full-index

sizes reported in Section 4.1.9. Tables 4.12, 4.13, and 4.14 show the impact on SQuAD,

Natural Questions, and GovReport benchmarks. Best values in each column are bolded.

Table 4.12: SQuAD: Retrieval performance under varying Q–Q similarity thresholds.

Mode QQ Docs C@1 C@5 C@10 C@20 T@1 T@5 T@10 T@20

Naive N/A 789 72.76% 92.07% 96.03% 98.53% 95.65% 98.39% 99.11% 99.52%
Quote (none) — 9,931 77.33% 92.43% 94.86% 95.84% 94.88% 96.42% 96.73% 97.09%
Quote (0.3) 0.3 1,402 71.44% 91.25% 95.75% 97.88% 94.88% 98.51% 99.25% 99.52%
Quote (0.5) 0.5 2,904 74.95% 93.53% 96.37% 98.20% 95.91% 98.46% 99.16% 99.40%
Quote (0.7) 0.7 6,330 77.28% 93.32% 95.96% 97.26% 95.72% 97.60% 98.05% 98.25%



Table 4.13: Natural Questions: Retrieval performance under varying Q–Q similarity thresh-
olds.

Mode QQ Docs C@1 C@5 C@10 C@20 T@1 T@5 T@10 T@20

Naive N/A 776 23.83% 56.59% 70.38% 79.14% 97.89% 99.30% 99.75% 99.96%
Quote (none) — 11,595 24.91% 61.30% 75.96% 83.06% 97.48% 99.05% 99.38% 99.59%
Quote (0.3) 0.3 1,737 24.20% 60.68% 75.59% 84.88% 98.02% 99.42% 99.88% 100%
Quote (0.5) 0.5 3,853 23.63% 61.21% 76.91% 86.58% 97.98% 99.55% 99.92% 100%
Quote (0.7) 0.7 7,645 24.00% 60.55% 76.95% 86.16% 97.77% 99.38% 99.75% 99.88%

Table 4.14: GovReport: Retrieval performance under varying Q–Q similarity thresholds.

Mode QQ Docs C@1 C@5 C@10 C@20 T@1 T@5 T@10 T@20

Naive N/A 787 38.49% 63.70% 74.15% 82.97% 88.31% 93.59% 95.32% 96.80%
Quote (none) — 10,499 50.31% 75.98% 83.15% 87.49% 88.66% 92.02% 93.44% 94.38%
Quote (0.3) 0.3 1,995 42.73% 68.96% 78.83% 86.86% 90.04% 95.07% 96.59% 97.76%
Quote (0.5) 0.5 4,223 47.18% 74.12% 82.92% 89.60% 90.34% 94.31% 95.86% 96.98%
Quote (0.7) 0.7 8,315 50.86% 76.66% 84.09% 89.10% 89.32% 92.78% 94.15% 95.32%

Across all three benchmarks (SQuAD, Natural Questions, GovReport), moderate pruning

(QQ = 0.5) reduces the index size by over 70% on SQuAD, over 65% on Natural Questions,

and over 60% on GovReport, while preserving or improving Top-5 and higher-k Context

Accuracy and Title metrics. Aggressive pruning (QQ = 0.3) yields the smallest index with

only modest Top-1 drops and strong gains at higher k. Notably, on GovReport, QQ = 0.7 not

only shrinks the index relative to unpruned QuOTE but also outperforms the unpruned

Quote baseline across all metrics, demonstrating that semantic deduplication can boost

retrieval while reducing storage.

4.1.11 Can we use a Cheaper LLM for Question Generation?

An important practical consideration in RAG-based pipelines is whether cheaper, smaller

models can generate effective questions for indexing, or if premium, large-scale LLMs (e.g.,

GPT-4) are necessary. To investigate, we experimented with a variety of local language

models (e.g., gemma2-9b, llama3-8b, and qwen2.5-7b), as well as gpt-4o-mini, gpt-4o, and



Table 4.15: Comparison of different models on a SQuAD subset. We report Context Accu-
racy (C@k) and Title Accuracy (T@k) at k=1 and k=5. Best value(s) in each column are
bolded.

Model C@1 C@5 T@1 T@5

Naive 66.60 92.80 98.32 99.44

QuOTE gemma2-9b 74.49 96.93 99.09 99.72
QuOTE gpt-4o-mini 76.73 97.20 98.81 99.30
QuOTE gpt-4o 76.38 96.72 99.09 99.58
QuOTE llama3-8b 73.58 95.95 99.09 99.79
QuOTE llama3.1-8b 71.42 96.09 99.09 99.72
QuOTE llama3.2-3b 70.86 94.90 98.81 99.65
QuOTE phi4 74.07 95.95 98.81 99.30
QuOTE qwen2.5-7b 72.05 96.23 99.02 99.72

a baseline Naive approach that relies solely on the chunk text without question generation.

All runs were conducted on a SQuAD-based subset. Table 4.15 summarizes the results in

terms of Top-k Context Accuracy and Top-k Title Accuracy.

We observe that even smaller models such as llama3.2-3b achieve over 70% Top-1 Context

Accuracy—only a few percentage points behind the more capable gpt-4o-mini or gpt-4o

models. For nearly all models, Top-1 Title Accuracy remains around or above 98%, indicating

that the question generation step—regardless of the model size—helps QuOTE hone in on

the correct article. Once we allow for more retrieved chunks (Top-10 or Top-20), nearly

all approaches exceed 98–99% Context Accuracy. This suggests that question augmentation

significantly reduces misalignment with relevant passages. The main trade-off is that gpt-4o

and gpt-4o-mini exhibit slightly higher Top-1 Context Accuracy (up to ∼ 76%) compared

to cheaper models (70–74%); however, local LLMs still offer near-parity in mid- to high-k

retrieval settings with notably lower inference cost.



4.1.12 Effect of the Number of Contexts on Retrieval Accuracy

Analysis of the impact of the number of contexts on retrieval performance reveals distinct

patterns between SQuAD and NQ, reflecting their fundamentally different dataset charac-

teristics.

Figure 4.3: Distribution of contexts per title in SQuAD (N=442 titles). The mean of 42.74
contexts per title and maximum of 149 contexts demonstrate the dataset’s high context
density.

SQuAD exhibits a rich context structure, with 442 titles having a mean of 42.74 contexts

per title (median=36). This substantial density, ranging from 5 to 149 contexts per title,

creates significant potential for confusion with naive retrieval approaches, particularly when

similar passages exist within the same document.

In stark contrast, NQ presents a much sparser context landscape. Across its 48,525 titles,

NQ maintains a mean of just 1.52 contexts per title, with a median of 1, indicating that

most titles have unique contexts.

These structural differences manifest clearly in QuOTE’s relative performance gains (Figure



Figure 4.4: Distribution of contexts per title in Natural Questions (N=48,525 titles). The
highly concentrated distribution around a median of 1 context per title indicates predomi-
nantly singular contexts.

4.5). For SQuAD, we observe a steady increase in QuOTE’s advantage as the number

of contexts grows. Starting from around 8% improvement in a small number of contexts,

it increases consistently to about 16% at moderate number of contexts, and continues to

improve to exceed the improvement 20% for a larger number of contexts. This steady

improvement trend aligns with the increasing challenge of disambiguating similar contexts

in longer documents.

NQ shows a more constrained but generally positive pattern, reflecting its simpler context

structure. The improvements start at about 6% for a small number of contexts and reach

peaks of approximately 18% for a moderate number of contexts. Although the magnitude

of the improvements varies, QuOTE consistently enhances the retrieval accuracy in most

contexts, although its impact is more variable than in SQuAD.

These insights demonstrate how dataset characteristics fundamentally influence QuOTE’s

effectiveness. For collections with many contexts per document like SQuAD, QuOTE pro-



Figure 4.5: Percentage increase in Top-1 retrieval accuracy with QuOTE compared to naive
retrieval across the number of contexts. SQuAD shows steady improvement that grows with
the number of contexts, reaching 20.7% improvement at size 100, while NQ shows consistent
but variable gains up to 18.3%.

vides increasingly valuable disambiguation as document length grows. For collections like NQ

where most documents contain just a single relevant chunk, QuOTE still provides consistent

benefits, though the magnitude varies with the number of contexts.



Chapter 5

Conclusion

5.1 Discussion

This work has demonstrated that augmenting document representations with synthetic ques-

tions can significantly enhance retrieval accuracy in retrieval-augmented generation (RAG)

pipelines. By embedding multiple question–chunk pairs per passage, QuOTE improves align-

ment between user queries and indexed content, especially in cases requiring fine-grained or

semantically diverse information access. Importantly, although our approach introduces the

need for deduplication at query time, this overhead is minimal and is offset by notable gains

in retrieval quality across single-hop and multi-hop benchmarks.

The improvements hold across a variety of embedding models and prompt strategies, rein-

forcing the generality of our approach. Moreover, we show that prompt design, question

count, and redundancy filtering (via question–question pruning) all play a meaningful role

in optimizing performance. Even with smaller or open-source models used for question gen-

eration, QuOTE yields measurable gains, indicating broad accessibility and practicality of

our method.

QuOTE also advances a shift in perspective: treating *question generation as an indexing

strategy*, not merely a downstream QA task. This reframing opens up new possibilities for

retrieval systems that are better attuned to user intent.
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5.2 Future Work

There are several promising directions for extending this work:

Self-Improving Indexing. An adaptive variant of QuOTE could monitor user interactions—

e.g., which retrieved contexts were clicked or led to correct answers and selectively incorpo-

rate new (query, context) pairs. Such a system might use LLM fine-tuning to refine future

question generation or directly embed frequently asked or corrected queries into the index.

This would yield a dynamic, feedback-driven retriever that evolves over time.

Automated Prompt Optimization. While this work used static prompt templates, fu-

ture versions of QuOTE could explore prompt search or reinforcement learning-based tuning.

Automatically optimizing prompts to maximize coverage and semantic specificity of gener-

ated questions could increase the utility of each chunk-level embedding and improve domain

transferability.

Hybrid Indexing. QuOTE currently generates question embeddings for every chunk, but

some documents may already be well-represented without augmentation. A future extension

might embed a mix of raw and question-augmented chunks, based on content type, document

complexity, or empirical performance. Developing scaling laws to understand trade-offs

between index size, number of questions, and retrieval accuracy would support the design of

such hybrid systems.

Multimodal Extension. A particularly exciting avenue is applying QuOTE to multi-

modal data. Using vision-language models (VLMs), one could generate natural language

questions about images, charts, or diagrams, and embed those question–image pairs into



a multimodal vector index. This enables retrieval over complex datasets—such as techni-

cal manuals, visual documentation, or educational content—by leveraging question-oriented

indexing for non-textual content. For instance, a question like “What is the pressure read-

ing on the gauge in the top right corner?” could be associated with an image and stored

alongside its embedding, enabling image-based QA without requiring full image captioning.

Together, these directions position QuOTE as a foundation for retrieval systems that are not

only more accurate, but more adaptable, multimodal, and intelligent in how they represent

and access knowledge.
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