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Abstract: The use of Retrieval-augmented generation (RAG) using large language models (LLMs) has shown
potential for addressing issues such as hallucinations and inadequately contextualized responses. A pivotal stage
in the RAG process involves a retriever for retrieving chunks based on semantic similarity with the query. In this
study, we advocate for and provide experimental evidence supporting integrating and maintaining questions
and answers (QA) formatted databases to improve retrieved-context representations and response quality. Our
experiments evaluate our approach on benchmark RAG datasets using standard evaluation metrics and provide

comparative analyses against state-of-the-art retrieval methods, showing the potential of our approach.

Keywords: Retrieval-augmented Generation; Information Retrieval; Large Language Models

1. Introduction

The rise of large language models (LLMs) and their remarkable natural language processing
capabilities have led to the development of various information-retrieval and response (IRR) systems
such as information assistance chatbots, search systems, and question-answering systems [1]. LLMs
possess a large knowledge base encoded within their extensive parametric memory, acquired through
training on enormous volumes of various corpora such as OpenWebTextCorpus and The Pile [2,3]. A
typical IRR pipeline consists of a query, relevant information retrieval, and a response. Consequently,
in the age of LLMs, several IRR pipelines involve a query as input and an LLM-generated answer to the
query by drawing on the relevant information contained within its parametric knowledge. However,
in real-world IRR use cases, the query often requires information that the LLM cannot provide, for
example, about events that happened beyond the year an LLM was trained. Consider, for example,
an LLM-powered fact inquiry system — if such a system inquires about current leaders of countries
as of 2024 and the LLM that it relies on is trained in 2021, the system might respond with wrong
answers [4]. Retrieval-augmented generation (RAG) has emerged as a promising solution for enabling
LLM:s to access externally sourced information, thus providing the additional context necessary for
accurate and high-quality responses [5]. RAG is a well-studied problem in the NLP literature, and
several robust and rigorously evaluated implementations exist, some even incorporated within mature
production-grade software [6-9]. As a result, the rapid incorporation and testing of RAG methods in
academia and industry has revealed significant open issues. A large part of the issue and the focus
of this work, is the retrieval mechanism from external knowledge sources, specifically ensuring that
the retrieved information is relevant to the query. Figure 1 shows a complicated retrieval scenario in
which a RAG-based IRR system could retrieve irrelevant information for a given query.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. The figure demonstrates examples of irrelevant contexts retrieved by a potentially faulty
retriever. The query pertains to tournaments won by two tennis players in different years. In this
illustration, the green boxes represent accurate information relevant to the query, while the red boxes
represent incorrect information unrelated to the query (irrelevant context). The query asks about the
player’s information about grandslams and masters tournaments in the year 2013; however, the response
contains information about the year 2012 and tournaments that are neither grand slams nor masters
tournaments, such as the Olympics.

At the core of the retrieval mechanism in current implementations of RAG-based systems is
comparing the query against external information using vector-similarity. As a preprocessing step,
collections of external information (assumed not part of the LLM’s parametric memory) are stored as
vectorized entries in a vector database - vectorization is done using a neural network-based model,
and a collection refers to a set of text fragments such as a paragraph or a set of sentences. These text
fragments are commonly referred to as chunks. After this preprocessing phase, the input query is
vectorized and compared against the text fragments at runtime using vector similarity. The most
similar fragments are retrieved as external information considered relevant to the query. However, past
literature has established various issues with vector-similarity-based retrieval, specifically towards
irrelevant context retrieval, and many fixes have been proposed to mitigate such issues [10]. We discuss
these fixes in the background and methods section (Sections 2 and 3. In this work, we introduce a
novel plug-in, that can be applied to any existing fix, inspired by the concept of Frequently Asked
Questions (FAQ) pages. When an inquiry or query is already on an FAQ page, it is easily accessed and
leveraged to produce an accurate response. The challenge lies in generating FAQ-style representations
of collections and text fragments, and the main contribution of our work is to address this challenge.
We refer to our proposed method as QA-RAG.

The rest of the paper is organized as follows: We provide a survey of general categories of
current RAG methods, describing the methods, their benefits, and shortcomings. We introduce the
proposed QA-RAG method to address the shortcomings of current methods towards better RAG
outcomes. We then provide details of the QA-RAG method, our experimental setup for demonstrating
its effectiveness, and the results. We end with a discussion of the results and conclude with a general
summary and future directions. Our main contributions are the QA-RAG methodology and how it can
be used as a plug-in over any existing RAG method to boost the RAG method’s performance.
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2. Current RAG Methods

Although Section 1 gives an intuitive justification for exploring QA representations, in this
section, we provide a formal treatment of commonly used retriever methods, including an explanation
of their benefits and shortcomings, followed by arguing for our proposed method in its ability to
overcome these shortcomings. We first formalize retriever components regarding its main modules
and submodules to make it easier to cover the related work and how it relates to these modules and
submodules. Let x denote an input sequence, i.e., a query, and let y denote the response. In RAG, let
obtaining a response given a query be denoted by a function y = f(x, x, = g(C, x)), where x. denotes
additional query-relevant context retrieved using a retriever g, from external information sources,
denoted by C. Given this notation, we now delve into the various implementations of retriever fixes
within RAG frameworks mentioned in Section 1.

As mentioned in Section 1, central to the retrieval mechanism is comparing the query against
text fragments from external information sources, also known as “chunks”. The process of obtaining
such chunks is known as “chunking”. In current implementations, chunks are typically arbitrarily
defined basic units of information that the external information sources, C, are composed of, such as
sentences, paragraphs, or a fixed sequence of words (a typical sequence length is 250 words). The
retriever methods that we will cover differ often in their chunking strategy. Consequently, retriever
methods also differ in how the query-relevant context is obtained x, = g(C, x)) is obtained using the
retriever function g. Therefore, the chunking strategy and the specifics of the retriever function will
define the broad categories of retriever methods we will cover. While several implementations exist in
current and past works, our categorization presents a representative set [11].

We will illustrate the methods using pseudocode snippets, where g will correspond to the function
with the definition def g(x, C), and the chunking strategy is illustrated by the function with the defini-
tion def chunker(C). Since the retriever mechanism for obtaining x., g consists of several steps before
the actual retrieval step, such as vectorizing the query and chunks, we illustrate the retriever submod-
ule contained within g, as the static function call: retrieve_top_k(vector(query),vector(chunks),<K>).
The results of the retriever modules are passed as context into f to obtain the final generation output.

2.1. Vanilla Retrieval (VaRetr)

VaRetr involves using a brute force vector similarity-based calculation between the query x and
all the chunks in C. Such a method can be optimized for efficient retrieval on millions of chunks using
an approximate nearest-neighbor implementation. Listing 1 illustrates a Pythonic pseudocode for a
typical VaRetr implementation. The vector module employs a neural network-based method to embed
text into a high dimensional vector space (e.g., BERT-based sentence-transformer embeddings [12].)

Listing 1: Code structure for VaRetr.
def chunker(C):

"omnon

splits C into chunks of size n_words
#set n words

n_words = <\>

return split_N (C,N)

def g(x, C):

"”omnon

vanilla retriever function

"omnon

#set top k
top_k = <K>
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#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses nearest mneighbor—based retrieval

x_c = retrieve_top_k(vector(x),vector (chunks), <K>)
return x_c

2.2. Query Rewriting and Fusion (QRFusion)

An LLM is first employed to rewrite the query x using a prompt that often seeks to clarify the
query x (e.g., “rewrite the query for clarity”). Any LLM can be used, but the specific LLM significantly
affects the clarity of the rewritten query. The vanilla retrieval mechanism illustrated in Listing 1 is
then carried out for both the original and rewritten query. The returned contexts from each of the
vanilla retriever is then fused to obtain x.. There is no change to the chunker function compared to
the VaRetr case listed in Listing 1. Illustrating the two retrievals separately as gl(x, C) and g2(x, C),
the pseudocode is modified to get the Listing 2 as follows (Note that the chunker not shown as it is
assumed the same as the VaRetr case):

Listing 2: Code structure for QRFusion.

def gl(x, C):

"omnon

vanilla retriever function for original query

#set top k

top_k = <K>

#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses nearest neighbor—-based retrieval

return retrieve_top_k(vector(x), vector (chunks),<K>)

def g2(x_new, C):

”omnon

vanilla retriever function for rewritten query

#set top k

top_k = <K>

#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses nearest mneighbor—-based retrieval

return retrieve_top_k(vector (x_new), vector (chunks),<K>)

def g(x, C):

"omnn

retriever fumnction to return fused context
#return fused context

x_c = gl(x, C) + g2(x_new, C)

return x_c
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QRFusion: Benefits and Shortcomings

The benefit of this method is that an LLM can be leveraged to enhance the clarity of the main set
of inquiries in the query x. However, much is left to trial and error-based configuration of the right
prompt for query rewriting, often based on the specific downstream application [13].

2.3. Hybrid Fusion (HFusion)

Hybrid fusion retrievers use a combination of vector-similarity-based search and keyword-
similarity-based search. The specific type of keyword search employed significantly affects the
contextual relevance of the combined results. The keyword-based retrieval mechanism and the vanilla
method illustrated in Listing 1 are then carried out on the query x. The returned contexts from each
retriever are then fused to obtain x.. In our illustration, we use the function keyword to denote a
keyword extractor model (e.g., keyBERT) [14]. Others have also employed simpler mechanisms for
keyword searches, such as a TF-IDF representation with a BM25 search or a text constituency parser,
i.e., using the parsed syntax elements such as noun phrases and verb phrases contained in the sentence
structure as keywords [15,16]. Illustrating the two retrievals separately as gl(x, C) and g2(x, C), we
get the following pseudocode:

Listing 3: Code structure for HFusion.

def gl(x, C):

"”omnon

keyword retriever fumnction for original query

#set top k

top_k = <K>

#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses keyword—based retrieval

return retrieve_top_k (keywords(x),h keywords(chunks), <K>)

def g2(x, C):

"omnon

vanilla retriever function for rewritten query

#set top k

top_k = <K>

#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses nearest neighbor—-based retrieval

return retrieve_top_k(vector(x_new),b vector (chunks),<K>)

def g(x, C):

”omnon

retriever function to return fused context

"omnon

#return fused context
x_c = gl(x, C) + g2(x, C)
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return x_c

HFusion: Benefits and Shortcomings

The benefits of the method illustrated in Listing 3, are that more relevant content with broader
coverage can be retrieved; however, at the same time, a lack of attention to the keywords used could
introduce noisy content as part of x..

2.4. Sentence Window Retriever (SWRetr)

In this type of retriever, The chunking is carried out by splitting C into fragments of one-or-two
sentences. Several sentence tokenizers can be employed to chunk text into sentence fragments. Due to
the size of the chunks, the retriever step in sentence window retrieval is often carried out using parallel
processing, in addition to employing nearest neighbor searches to avoid inefficiency in processing
many sentences during retrieval [17]. The chunker(C) function is used to split C into sentences, and
the retriever mechanism is then similar to Listing 1. Listing 4 shows the pseudocode.

Listing 4: Code structure for SWRetr.
def chunker(C):

"omnon

splits C into sentences of size n
#set n words

n_sentences = <\>

return sentence_split_N (C,N)

def g(x, C):

”omnon

vanilla retriever function

#set top k

top_k = <K>

#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses parallelized nearest neighbor —based retrieval
x_c = retrieve_top_k(vector(x),vector (chunks), <K>)
return x_c

SWRetr: Benefits and Shortcomings

This method provides excellent query accuracy to context vector-based distance search. However,
determining the size of the sentence window is subject to extensive trial and error, often dependent on
the specifics of the downstream application.

2.5. Metadata Retrieval (MRetr)

Metadata retrievers use a combination of vector-similarity-based search filtered by metadata
contained in the query. The specific type of metadata employed significantly affects the contextual
relevance of the retrieved results. The metadata filters are applied to the results of the vanilla retriever
illustrated in Listing 1. The filtered context is stored in x.. In our illustration, we use the function
metadata to denote a metadata extractor model. Like HFusion, metadata can be keywords, TF-IDF
representations, or a text constituency parser-based syntax structure such as noun and verb phrases.
More advanced forms of Metadata, such as topics using topic modeling or related entity links using
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entity linking from knowledge graphs such as Wikidata, have also been tested in existing implemen-
tations [18]. Illustrating the basic retriever and filter separately as g(x, C) and meta_filter (chunks),
respectively, we get the following pseudocode:

Listing 5: Code structure for MRetr.

def meta_filter(x_c):

"omnon

returns meta data filtered chunks
#set metadata type

metadata_type = <meta_data>
return filter (x_c,metadata_type)

def g(x, C):

”omnon

vanilla retriever function

#set top k

top_k = <K>

#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses parallelized mnearest neighbor —based retrieval
x_c = retrieve_top_k(vector(x),vector (chunks), <K>)
#filter the chunks and return

Xx_c = meta_filter (x_c)

return x_c

MRetr: Benefits and Shortcomings

The retrieval illustrated in 5 can significantly reduce noisy retrieval. Still, downstream task
knowledge is required to determine the suitable set of metadata to use, and including too many types
of metadata can even exacerbate noisy retrieval.

2.6. Response Controls

The previous subsections in this section have talked about representative categories of retriever
and chunking variations. It is also possible to apply controls on the response generation function f to
improve RAG outcomes. Past work has used a second LLM as a “judge” to refine the response and
even placed hard constraints on the phrases allowed in the response [19-21]. In this work, our primary
focus is on the retrieval side. However, we also run experiments with response controls and provide a
comparison with and without such controls.

Motivation for QA-RAG

Generally speaking, the representative set of retrieval methods discussed above depends on
manual engineering efforts in deciding hyperparameters such as window sizes, keyword models,
metadata specifics, and prompt designs. At the core of the issue is the lack of a generic way to
capture the essential semantics of documents in C required for response synthesis given query x.
Our proposed method leverages LLMs based on simple fixed prompts to generate question-and-
answer (QA) representations that can be applied to the query x and retrieved content x. obtained
using any retriever mechanism. The core thesis of our method is the expectation that converting the
query and context into QA sets makes it easier for the LLM to “read” information in the context x,
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and appropriately relate it to the query x, ultimately improving response quality. Furthermore, the
proposed method is downstream-task-agnostic and hyperparameter-efficient.

3. Materials and Methods

3.1. Dataset Details and Response Performance Evaluation

We experiment with two question-answering datasets: NarrativeQA and QASPER[22,23]. Narra-
tiveQA contains question-answer pairs based on the full texts of books and movie transcripts, totaling
1,572 documents. It requires a comprehensive understanding of entire narratives, testing the model’s
ability to comprehend longer texts. Performance is measured using BLEU (B-1, B-4), ROUGE (R-L),
and METEOR (M) metrics [24-26]. The QASPER dataset includes 5,049 questions across 1,585 NLP
papers, probing for information within the full text. Answer types include Answerable/Unanswerable,
Yes/No, Abstractive, and Extractive. Performance is measured using standard accuracy, precision, re-
call, and F1 scores. We also experiment with randomized Wikipedia article-based question-answering
to consider performance without potential dataset biases. A random set of articles is chosen, and a
random sequence of questions and answers is generated using an LLM, which is treated as ground
truth. We report results on this randomized dataset using BLEU (B-1, B-4), ROUGE (R-L), and METEOR
(M) metrics.

3.2. Proposed Method: QA-RAG

3.2.1. The QA-Plug-In

As mentioned in Section 2, our proposed method acts as a plug-in on the query x and retrieved
context x. and can be used with any retriever mechanism. We now describe the details of our plug-in.

Query Plugin
The query plugin works by processing the query x into an elaborated set of subquestions that
further elucidate the context of the question. The specific prompt is shown in Listing 6 as follows:

Listing 6: QA Plug-in for query.

"nmnmn

decomp_prompt(x) = f
Consider the following query
———— QUERY ——-
{x}

Your task is to decompose the query
into subqueries by
making sure to follow the instructions below:

———— INSTRUCTIONS ——-

1. Ensure each subquery is fully

self —contained and mentions

at least one proper noun.

2. Make sure to only include information in
the subquery that is

explicitly mentioned in the original query.
3. If the query is already

fully self-contained ,
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respond with the original query.
4. Provide your response

in JSON Format as follows:
{{” Decomposed Queries ”:

["queryl”,” query2”, ....,, 1}}

"mnn

Context Plugin

The context plugin works by processing the retrieved context x. into an elaborated set of questions
and answers that further elucidate the contents of the context retrieved. The specific prompt is shown
in Listing 7 as follows:

Listing 7: QA Plug-in for context.

”omnon

cexpand_prompt(x_c) = f
Consider the following context
———— Context ————
{x_cl

Your task is to convert the context
into a set of questions and answers by
making sure to follow the instructions below:

———— INSTRUCTIONS ——-
1. Ensure each question is fully
self —contained and mentions
at least one proper noun.
2. Make sure to only include information in
the context that is
explicitly mentioned in the original context.
3. Provide your response
in JSON Format as follows :
{{” Questions and Answers”:
"your response”}}

"onon

3.3. QA-RAG Psuedocode

QA-RAG employs the appropriate plug-ins on the query x and context x. before response synthe-
sis using the function f(x, x.). We will first introduce the pseudocode without any response controls
and then cover modifications with response controls.

QA-RAG Psuedocode Without response controls

The pseudocode without response controls is shown in Listing 8 as follows:
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Listing 8: QA-RAG Psuedocode.

#global instantiation of some language model,
#e.g., llama3 -8b
IIm = LIM()

def elaborate_x(x):
elaborates query into
set of questions using the query plug—in
#use global llm within local scope
global 1lm
#return formatted questions using question plug—in
return 1llm.execute_prompt(qdecomp_prompt(x))

def convert_x_c(x_c):

"omnon

converts x_c in a set of QAs using the context plug—in
#use global llm within local scope

global 1lm

#return QA-formatted context using context plug—in
return llm.execute_prompt(cexpand_prompt(x_c))

def g(x, C):

”omnon

vanilla retriever function

#set top k

top_k = <K>

#obtain chunks

chunks = chunker (C,N)

#get query relevant chunks,

#uses parallelized nearest mneighbor —based retrieval
x_c = retrieve_top_k(vector(x),vector (chunks), <K>)
#filter the chunks and return

Xx_c = meta_filter (x_c)

#apply context—plugin

return convert_x_c(x_c)

def f(x, x_c):

"omnon

synthesizes response using llm, given query and context
#use global llm within local scope

global 1lm

#apply query plug—in

e_x = elaborate_x(x)

#response prompt

response_prompt = """
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Consider the following query

——— Query —————

{x}

Consider also the following
expanded set of queries relevant
to the query

—— Query—relevant Expanded Queries ——
fe_x|

Below are some
relevant questions and answers
that can help answer the query: {x}

—— Query—relevant Questions and Answers ——

{x_c}

Your task is to respond to the query {x/}

by considering

the query—vrelevant expanded queries

and query—relevant questions and answers by
making sure to follow the instructions below:

———— INSTRUCTIONS ——-
1. Do not make up information and
Ensure your response is to the point.
2. Provide your response
in JSON Format as follows:
{{" Response ”:
"your response”}}

"omnon

#return llm response
return llm.execute_prompt(response_prompt)

def QA RAG(x, C):

”omnon

main method

#get query context
x_c = g(x, C)
#synthesize response
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response = f(x, X_c)
print (response)

QA-RAG Psuedocode With response controls

In the modified version of QA-RAG with response controls, we perform an additional check
using a specialized LLM-based validator to verify whether the response makes sense given the original
query and QA-formatted context. This added measure prevents the LLM from hallucinating without
adequate context. Note that all responses are also controlled for the correct format (i.e., JSON format
using the json_parse function). Only the modified parts, i.e., the function (def valid_response)that
includes LLM-based validator for the response control version of QA-RAG is illustrated in Listing 9.

Listing 9: QA-RAG Psuedocode with Response Control

def valid_response(x, x_c, response):

”omnon

applies response control to prevent hallucination
control_prompt = """ Consider the
following query and context

——— Query and Context ——-—
Query: {x}

Context: {x_c}

Given this query and context,

judge if the response is

the correct response to the query.

Answer only using "yes” or "no”

return your answer in the following JSON format:

’

{{"Yes or no Response”: "your response”}}

"omnn

def QA RAG(x, C):

"oron

main method
#get query context
x_c = g(x, C)
#synthesize response
response = f(x, Xx_c)
is_valid_response = json_parse(valid_response(
X, X_c, response
))[ "Yes_or_no_Response"]
if "yes" in is_valid_response:
print (response)
else:
print ("I_do_not_know_how_to_response")
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Impelmentation Note.

All the pseudocode presented so far is meant to provide a high-level description of the algorithmic
approach for the methods covered. The accompanying software shows all the implementation details
(e.g., the specific LLM-based response capture functions for JSON parsing, etc.).

3.4. Experimental Setup

For each method covered in Section 2, we compare against our proposed method, both without and
with response control, referred to as Typel and Type2, respectively. We also include the current state-of-
the-art RAG method, RAPTOR, which uses a unique hierarchical context organization before retrieval
is carried out [27]. We experiment with the open-source LLMs llama3-8b, llama3-70b, mixtral-8x7b,
and gemma-7b implemented using the GROQ API !. Figure 2 shows an overview of our experimental
setup, displayed on top of Figure 1 to maintain clarity in illustrating various RAG components.

/- RAPTOR - Using a hierarchical clustering-based organization of documents before\ 1

employing vector similarity-based retrieval RAPTOR Vanilla/Type1/Type2

. HFusion - Hybrid Retriever-based Fusion of Retrieved Contexts
HFusion Vanilla/Type1/Type2

e  SRetr - Sentence Window-based Retriever for Retrived Context

. MRetr - Metadata--based Retriever for Retrived Context

Experimental Setup
of Methods for

e  QRFusion - Query Rewriting and Fusion of Retrieved Contexts
MRetr Vanilla/Type1/Type2

e  Type1: Vanilla method + QA-Plug-ins

\o Type2: Type1 + Response Controls j §

Retrieving Context
A
g &9 88

SRetr Vanilla/Type1/Type2 ]

3N H

Query 2013 2013 2012 E

What grand slams or Murray Murray Murray |
masters tournaments Embedding Masters Slams Masters :
did Roger Federer A I I R A !
win in 20137 Did D [ [1]1 im paeaor - f
Murray win anything 2012 2012 2012 !
in 20127 Murray Murray Federer E

i Slams |

& Response 7 E
Roger Federer won no masters or —— Correct E
grand slam tournaments in 2013. He Prompt H

[ — wron :

however did win Wimbledon in 2012.
Andy Murray won the US open and Quen o e e e oo H
the olympics in 2012. i
Context Indiaiaiaieieiiieieieteteteheieaaiatelehetieaetatatebate

lllustration and Description of Experimental Setup for Context Retrieval During Retrieval-augmented Generation

Figure 2. Illustration of the various retriever methods used and compared in our experiments during
RAG. The experiments are carried out on benchmark datasets and evaluated using standard metrics
(details in Section 3).

3.5. Qualitative Analysis of QA-Plug-ins

Here, we provide the qualitative evaluation of various LLM's ability to convert text into questions
to understand their robustness in providing QA-Plug-in capabilities. This qualitative evaluation was
conducted using a set of 20 manually curated generation outputs. The evaluation metric used is
hits@<n, which refers to prompting the LLMs and correcting its ambiguous references based on
manually verifying LLM outputs iteratively, in this case, iterating up to n times. Table 1 compares
different open-source LLM models used in our experimentation. We find that overall, LLMs perform

1 https://console.groq.com/docs/models
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reasonably well at generating questions from text. All further results are reported using the llama3-70b

model.
Table 1. Qualitative Evaluation of QA-Plug-in abilities of various open-source LLMs
Evaluation Metric llama3-8b llama3-70b mixtral-8x7b gemma-7b
hits@1 87% 89% 85% 78%
hits@<5 98% 99% 98% 95%
4. Results

4.1. Results on NarrativeQA Dataset

Table 2 reports the results on the NarrativeQA dataset. We report the scores BLEU-1 (B1), BLEU-2
(B2), ROUGE-L-f1 (RL), and METEOR (M), where V refers to the vanilla implementation of a method,
Typel refers to the vanilla implementation with the QA-plug-in, and Type2 refers to Typel with
response controls. The ground truth is the response generated by the LLM given the ground truth
context/evidence from the dataset.

Table 2. Results on Narrative QA

Method Bly/typettype2  B4vimypertypez  RLvitypertypez  Mv/Typel/Type2
RAPTOR  0.68/0.92/1.33 0.31/0.59/1.12 0.76/0.86/0.9 0.64/0.89/0.92
HFusion 0.40/0.59/1.15 0.09/0.31/091 0.26/0.41/0.96  0.26/0.29/0.94
SRetr 0.07/0.17/0.51 0.05/0.2/0.32 0.4/0.43/0.46 0.29/0.3/0.45
MRetr 0.20/0.29/0.55 0.04/0.25/0.39 0.37/0.40/0.54  0.20/0.30/0.54
QRFusion 0.11/1.0/1.33 0.39/0.43/1.11 0.33/0.97/0.98  0.18/0.93/0.99

4.2. Results on Random Wikipedia Dataset

Table 3 reports the results on the random Wikipedia dataset. We report the scores BLEU-1 (B1),
BLEU-2 (B2), ROUGE-L-f1 (RL), and METEOR (M), where V refers to the vanilla implementation of a
method, Typel refers to the vanilla implementation with the QA-plug-in, and Type2 refers to Typel
with response controls. The ground truth is the response generated by the LLM given the ground truth
context/evidence from the dataset.

Table 3. Results on Randomized Wikipedia Dataset

Method B:lVfl"ypel/TypeZ B4V/Type1lType2 RLVnypellTypeZ MV/Typel/Type2
RAPTOR  0.86/0.89/1.0 0.70/0.71/0.92 0.72/0.87/0.9 0.78/0.88/0.98

HFusion 0.60/0.88/1.15 0.82/0.91/0.92 0.63/0.70/0.96  0.77/0.82/0.92
SRetr 0.12/0.47/0.51  0.09/0.32/0.35 0.31/0.33/0.43  0.27/0.30/0.34
MRetr 0.35/0.44/0.58 0.29/0.47/0.55 0.21/0.32/0.34  0.27/0.29/0.44
ORFusion 0.71/0.72/1.3 0.73/0.89/1.12  0.77/0.79/0.9 0.78/0.83/0.98

4.3. Results on QASPER Dataset
Table 4 reports the results on the QASPER dataset. We report the scores Accuracy (Acc), Precision

(PR), Recall (Recall), and f1-measure (F1), where V refers to the vanilla implementation of a method,
Typel refers to the vanilla implementation with the QA-plug-in, and Type2 refers to Typel with
response controls. The ground truth is the response captured from the output of the LLM given the
ground truth context/evidence from the dataset.
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Table 4. Results on QASPER Dataset.

Method ACCV/Typel/TypeZ PRV/Typel/TypeZ RecallV/Typel/TypeZ FlVnypelnypeZ
RAPTOR  0.54/0.81/0.94 0.8/0.81/0.89 0.63/0.89/0.96 0.83/0.91/0.92
HFusion 0.43/0.46/0.93 0.31/0.38/0.96  0.36/0.41/0.98 0.35/0.47/0.92
SRetr 0.27/0.4/0.60 0.3/0.75/1.0 0.27/0.4/0.46 0.4/0.42/0.57
MRetr 0.32/0.46/0.5 0.33/0.66/0.8 0.30/0.47/0.52 0.24/0.30/0.56
ORFusion 0.2/0.8/0.95 0.96/0.98/1.0 0.2/0.90/0.96 0.33/0.78/0.99

5. Discussion

Across the Tables 2, 3, and 4, we consistently see improvements across all metrics when using the
QA-plug-in, even more so when response controls are applied. This result isn’t entirely surprising —
In the vanilla implementations, the retrieved context often consists of many bad characters (due to
initial document loading errors) or other noisy elements, making it hard for the LLM to synthesize
a coherent response by consuming this context. When this context is transformed into coherent QA
pairs, and the initial query elaborated using decomposed questions, the LLM naturally can synthesize
better responses. Thus, our proposed method is intuitive, simple, and demonstrably improves the
RAG pipeline outcomes across various datasets. Among the individual methods experimented with,
RAPTOR performs the best, and the performance is further enhanced by augmentation with our
proposed QA-RAG method.

6. Conclusion

In this work, we demonstrated a novel methodology for improving RAG outcomes called QA-
RAG. We show the efficacy of QA-RAG across a comprehensive experimental setup compared to
competitive baselines across benchmark datasets, using standard and well-known evaluation metrics.
Although QA-RAG is an intuitive step towards enhancing the representation of retrieved information,
we aim to theoretically analyze support for such a representation by formulating RAG as knowledge
base entailment over a knowledge base of questions and answers. This effort can also help us
classify the general complexity class of RAG, thus opening avenues for solution inspirations from
interdisciplinary branches in computer science and mathematics.
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