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Abstract

Retrieval-augmented generation (RAG) is an
established method for addressing challenges in
applying large language models (LLMs), such
as ensuring timeliness, incorporating domain-
specific expertise, and minimizing hallucina-
tions. However, the effective application of
data-augmented LLMs remains challenging
due to, e.g., reliance on retriever performance,
token-limit restrictions for the input, or the in-
herent difficulty of global questions directed
at large text corpora. Despite various efforts
to address these challenges, there are still in-
stances where finding correct answers to cer-
tain questions remains elusive. Moreover, as
more modules are added to the RAG pipeline,
its complexity and latency increase, so that the
achieved performance improvements may be-
come less practically significant. Based on
these observations, we propose an efficient
approach to addressing the issue of not read-
ily attainable questions in a pragmatic way:
by collecting questions with incorrectly gen-
erated answers, preparing the correct answers
offline, and prepending a module for seman-
tic search among the prepared question-answer
pairs to the RAG system. If we consider a tra-
ditional RAG system an open-book exam, this
QA search module can be likened to an open-
question exam, similar to a driver’s license test.

1 Introduction

Retrieval-augmented generation (RAG) is widely
utilized for Large language models (LLMs) to ad-
dress associated challenges, such as timeliness and
lack of awareness of domain-specific knowledge,
particularly when it comes to private or on-premise
information, as this can impact their reliability,
leading to issues with faithfulness and the genera-
tion of hallucinations. The main idea of RAG is to
condition a pre-trained LLLM on relevant informa-
tion retrieved from external data sources based on
a user’s input during the generation process (Lewis
et al., 2021; Ram et al., 2023).
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However, RAG systems encounter their own set
of challenges. Firstly, they inherit certain limita-
tions from LLLMs, such as constraints on input to-
kens and difficulties in effectively addressing broad
questions within extensive text corpora. Secondly,
a RAG system is inherently complex, compris-
ing numerous components that require significant
time and expertise to configure and integrate seam-
lessly. Thirdly, the retrieval process can introduce
latency, impacting response times. Additionally,
training both the retriever and generation models
demands meticulous tuning and substantial com-
putational resources. Furthermore, variations in
the underlying data can complicate integration and
scalability efforts. Approaches addressing these
challenges include optimizing the storage and se-
mantic representation of external data, aligning
queries and documents to accurately retrieve the
relevant external information (Wang et al., 2023;
Ma et al., 2023a; Zheng et al., 2024), improving
imperfect retrieval performance by analyzing, iden-
tifying and removing irrelevant information (Wang
et al., 2025), generating query samples to train
retrievers for specific domains (Dai et al., 2022),
fine-tuning retriever (Shi et al., 2023), compress-
ing (Yang et al., 2023; Xu et al., 2023; Ma et al.,
2023b), re-ranking retrieved information before
passing it to LLMs (Zhuang et al., 2023), and
fine-tuning LL.Ms for generating results (Cheng
et al., 2023; Kang et al., 2023; Li et al., 2023b).
While each of these techniques, whether employed
individually or in combination, has the potential
to enhance performance, certain questions persist
for which generating an accurate response remains
challenging.

We propose the integration of an additional
question-answer pairs (QA-pairs)-based search
module, designed to be incorporated as a prepara-
tory component preceding the RAG system (cf.
Figure 1), in which a pre-prepared list of existing
QA-pairs is directly utilized as context by LLMs to
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Figure 1: RAG with Integration of a QA Search Module

address user queries. If a question with the same
semantic meaning is identified within the list, the
associated answer is returned directly. Conversely,
if no matching question is found, the user query
is forwarded to the standard RAG process. The
list of QA-pairs can be created either a priori or
continuously during the process. As illustrated in
Figure 1, questions for which the RAG system fails
to generate correct answers can be collected. Sub-
sequently, the expected answers to these questions
can be prepared offline and appended to the list
within the QA search module.

Contributions. Our proposed QA search mod-
ule offers three key contributions:

1. It significantly enhances the overall accuracy
of the RAG system. Through experiments con-
ducted with various LLMs and QA datasets,
we demonstrate the effectiveness of semantic
search. For questions that are incorrectly an-
swered by RAG, we curate correct responses
and compile a QA-pairs catalog, enabling pre-
cise and efficient semantic retrieval.

2. The QA search module reduces average pro-
cessing time and resource consumption, as
evidenced by our experimental results, which
highlight its efficiency.

3. All these benefits are achieved through a
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lightweight extension of the RAG system, en-
suring that the module remains easy to update
and scale as needed.

2 Background and Related Work

To tackle challenges such as timeliness and the lack
of awareness regarding private, domain-specific
knowledge in pre-trained LLMs, various tech-
niques have been developed. Among these, RAG
is gaining significant attention and widespread
application. While the implementation of RAG
can vary in practice, the fundamental concept re-
mains consistent: for a given input request, relevant
documents are retrieved from external knowledge
sources, incorporated with the input to assist LLMs
during the generation process.

REALM (Guu et al., 2020) employs a masked
language model (MLM) and fine-tunes it for open
domain question-answering (Open-QA). Similarly
focused on Open-QA, RAG (Lewis et al., 2021)
trains an autoregressive language model (ALM),
while Atlas (Izacard et al., 2022) utilizes an
encoder-decoder LLM. In-Context RALM (Ram
et al., 2023) and Replug (Shi et al., 2023) sim-
plify the process further by treating the LLM as
a black box, eliminating the need for additional
training. In these approaches, retrieved informa-
tion is prepended as context to the query before



being passed to the off-the-shelf LLMs for genera-
tion. KNN-LM (Khandelwal et al., 2020) offers an
even more practical approach by treating a question
as a prefix to its answer. It transforms the task of
finding the correct answer into locating the most
similar expressions to the input question within an
embedding space. This space is created by a LLM
on a knowledge dataset. The k£ most similar results
are then interpolated with the original model out-
puts to construct the final answer. Moreover, both
Zero-Shot-Learners (Wei et al., 2022) and Zero-
Shot-Reasoners (Kojima et al., 2023) demonstrate
exceptional language understanding capabilities in-
herent in LLMs, particularly in the zero-shot imple-
mentation of the so-called Chain of Thought (CoT,
Wei et al., 2023).

3 Approach

To answer a question x using the classic RAG
paradigm, two steps are involved, retrieval and gen-
erating. First, given a question z, the most relevant
documents z are retrieved from a knowledge corpus
Z. This step can be represented by a probability
distribution p(z | x),z € Z. Next, both the in-
put question z and the retrieved documents z are
provided to a LLM to generate the answer y. This
generation step can be modeled as p(y | z, ). By
considering the retrieved documents z as a latent
variable and marginalizing over all documents in
Z, the entire process can be formalized as:

> plylz2)pz | o)

ZEZ

ply|z) = ey

Our new approach takes the simplification one
step further by providing an existing list of QA-
pairs as context, instead of retrieving most similar
external documents to each given question and pro-
viding these as context to the question to a LLM
to generate the answer. By doing so, we leverage
the model to identify the most closely matched
questions from the list and return the correspond-
ing answer to new input questions. This approach
transforms a QA task into a task of finding seman-
tically similar expressions. It’s common for the
input question to differ in wording from those in
the existing QA-list. However, LLMs excel at un-
derstanding and interpreting the semantic meaning
of text, making them well-suited for this task.

We begin with an existing list of QA-pairs Z =

n
U {(xi, yi)}, which is assumed to encompass the
=1
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most frequently asked questions. Instead of em-
ploying a retrieval step, we provide this entire set
as context to LLMs. This implies that p(z | z) = 1,
resulting in

> plylzz)

ZEZ

ply | ) = 2

The initial list does not need to be exhaus-
tive. If we encounter a new question z’, that
is not already included in the set of questions
(" ¢ U {x;}), we can prepare the corre-

(wiyi)EZ
sponding answer 3’ and update the the QA-list to
Z'=Zu{(,y)}

When the QA-list is too extensive to fit entirely
as context into LLMs due to input token limit
constraints, we can assign a reference number to
each QA-pair. This forms a expanded set Z.;, =

U {(zi,yi,n;)}. Instead of passing the list of QA-
palrs to the LLMs, we provide a list of question-
number pairs (QN-pairs) Z,.q = U {(zi,m4)},

which reduces the context size. The LLMs then
return the corresponding reference number if the
input question matches one in the list; otherwise,
they return a special number, such as "-1". Us-
ing the returned reference number, we can identify
the actual answer by performing a lookup in the
expanded QA-list Ze.p: ¥i = fiip(Zeap, 1i)-

If the list of the QN-pairs still exceeds the input
token limit even after replacing actual answers with
reference numbers, we can divide the list into small
blocks, each within the token limit. We can then
process these blocks sequentially using LLMs. The
loop can be terminated early if a valid reference
number is returned.

The remaining question is how effectively LLMs
can interpret various expressions of an input ques-
tion x, which may differ in length and form. Specif-
ically, we aim to assess their ability to identify
the expression with the same meaning in set Z..,
and return its corresponding reference number. To
achieve this, we designed the question-question
similarity check in a lightweight manner by im-
plementing a direct search within a prompt, rather
than relying on the cosine similarity of embedded
questions. This approach leverages the strength
of LLMs in capturing semantic information from
diverse expressions effectively.



4 Feasibility Assessment Experiments

We assessed the feasibility of our approach by de-
signing experiments across three dimensions: (i)
Open-QA datasets, (ii) LLMs for rephrasing origi-
nal questions and (iii) LLMs for answering original
and rephrased questions.

4.1 Experimental Setup

Datasets We selected four publicly available
QA datasets for our study. Two of these are in
English: OpenBookQA (Mihaylov et al., 2018),
CMU-Wiki-QA (Smith et al., 2008), one in Chi-
nese: CMMLU (Li et al., 2023a) and one in Ger-
man: LHM-Dienstleistungen-QA (Schroder et al.,
2022).

LLMs The key success factor of our approach
is the ability of LLMs to effectively interpret vari-
ous expressions of a given question and identify it
within a context. To evaluate this we selected sev-
eral LLMs to rephrase the original questions and to
answer both the original and rephrased questions.

These models are GPT3.5, GPT40 (OpenAl,
2023) and seven open-source models: Llama
3.1:8B, Llama 3.3:70B (META, 2024), Qwen2:7B,
Qwen2.5:7B (Group, 2024), Mixtral8:7B, Mix-
tral8:22B (Jiang et al.,, 2024), Gemma2:9B,
Gemma2:27B (DeepMind, 2024).

4.2 Implementation Details

We divided the entire implementation process into
five distinct steps.

Preparing Datasets The four QA datasets were
sourced from Hugging Face. We selected a random
sample of 150 QA-pairs from each dataset and
assigned a reference number to each question.

Rephrasing Questions We utilized nine selected
LLMs to generate six different variants of each
original question across all datasets. These variants
maintain the same meaning as the original question.
Specifically, three variants were generated without
any length restrictions, while the other three were
limited to a maximum of 30 characters. The shorter
variants were designed to mimic situations where
users prefer to keep questions concise. For each
original question, we obtained a total of 55 dif-
ferent expressions, including the original question
itself: 1 (original question) + [3 (rephrased vari-
ants) + 3 (rephrased short variants)] * 9 (models
for rephrasing) = 55. More details see Table 2. The
prompt template utilized is available in Figure 6.
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Algorithm 1 Answering Questions by QA Search

1: Ngn_biocks < c€il(Niotal_qn/block_size)
2: for each question q do

3: for i from 0to Nyy_piocks do

4: C; + create_context(gn_block;)
5: a_n < call_qga_search(q, C;)

6: if a_n > —1 then

7: answer < figp(Loan,a_n)
8: return answer

9: end if

10 end for

11: end for

Answering Questions We used ten LLMs to
answer all question variants, by utilizing the list
of original QN-pairs as context. As Algorithm 1
shows, if a match is not found in the list, the corre-
sponding reference number is returned, otherwise
"-1" is returned. The prompt template utilized is
available in Figure 7.

Both Mixtral8 models returned numbers with
wrapping text, such as "The reference number of its
corresponding answer is: 1037", instead of "1037".
An additional script was created to remove the ex-
traneous text.

Using all 150 original QN-pairs as context
worked well with both GPT models. However, for
the open-source models, after several rounds of ex-
perimentation, we decided to split the full list into
five blocks with 30 questions each. We then looped
over these blocks until a reference number is re-
turned. Due to text wrapping issues, we needed to
collect results from all five blocks without breaking
the loop early when using both Mixtral8 models.

Evaluating Answers We compared the reference
numbers returned by the LLMs with the ground
truth. If they match, we assigned a score of 1;
otherwise, we assigned a score of 0. We then ag-
gregated these scores to calculate the accuracy rate
of the answers across all question variants for each
model.

Robustness Testing with Different List and
Block Sizes To demonstrate the robustness of
performance as well as resource and time consump-
tion, we conducted additional experiments with
varying total numbers of QA-pairs (300, 600, 900,
1200, 1500) and different numbers of QA-pairs (30,
50, 100, 150, 300) used as query context.
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Figure 2: Average Percentage of Correctly Answered Questions for Four QA Datasets by Each Model

4.3 Preliminary Experimental Results

Comprehensive results for the feasibility experi-
ment for the four QA datasets are available in Ta-
bles 3-6. Additionally, we calculated the average
answering accuracy of each applied model across
all four dataset. As illustrated in Figure 2, all mod-
els demonstrate consistent performance across the
four datasets, which include different languages:
English, Chinese, German. This consistency holds
true regardless of whether the models achieve high
or low accuracy. The GPT models, in particular, ex-
hibit best overall performance. This is not only due
to their average accuracy rates exceeding 80%, but
also because they do not require the question list to
be divided into blocks for iterative processing.

Among the open-source models, Mixtral8:7B,
Gemma2:9B and Llama 3.3:70B achieve an accu-
racy rate greater than 80% across all datasets. Mix-
tral8:22B follows closely, with only one dataset
falling below 80%, while Qwen2.5:7B has two
datasets under this threshold. In contrast, the
average accuracy rates for Gemma2:27B and
Qwen2:7B fall below 80%, ranging between 36%
and 78%. Surprisingly, Llama 3.1:8B performs the
worst, with all accuracy rates below 35%.

By expanding the total number of QA-pairs in
the catalog from 300 to 1500, while maintaining a
fixed context size of 150 QAs, and using GPT4o
as the answering LLM, we observed, as expected,
no significant increase in CPU, GPU, or memory
usage. However, this expansion resulted in longer
average response time, increasing from 1.39 sec-
onds per query to 6.15 seconds per query, due to
increased number of max. needed requests. As
illustrated in Figure 3, the mean accuracy experi-
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enced a slight decline as the catalog size increased,
dropping from 93.65% to 89.35%. This reduction
in performance can be attributed to the higher like-
lihood of encountering questions with similar but
not identical meanings as the catalog grows, which
increases the difficulty of semantic search for the
LLM.

If, instead, we fixed the total number of QA-pairs
in the question catalog but expanded the context
size from 30 to 300, we observed, as shown in Fig-
ure 4, again, no significant increase in CPU, GPU,
or memory usage. And as expected, the average
response time decreased from 4.36 seconds to 1.28
seconds per query. The mean accuracy improved
significantly, increasing from 88.13% to 95.48%.
This improvement can be attributed to the fact that,
as long as the expanded context size remains within
the token limit of the LLLM, having more questions
with similar but not identical meanings in a single
context allows the LLM to better identify and select
the one with the closest semantic match.

The detailed metrics for both Figure 3 and 4 are
provided in Table 7 and 8. The four QA datasets,
all codes and generated outputs for this experiment
are available on GitHub'.

S Comparative Experiments between
RAG and RAG with a QA Search
Module

After successfully demonstrating the feasibility of
a QA search, we conducted another group of ex-
periments to showcase the enhanced effectiveness
"https://github.com/chenzhengdao/pattern-
of-driving-license-written-exam,

https://github.com/chenzhengdao/pattern-of-driving-license-
written-exam-compare-with-rag
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Figure 3: Accuracy, Resource and Time Consumption
Across Varying Total Numbers of Questions in the Ques-
tion Catalog, with 150 Questions as QA Search Context
and GPT4o as the Answering LLM

and efficiency of a RAG system by integrating a
QA search module. To achieve this, we setup ex-
periments for the following four approaches and
compared their results: i) RAG: baseline RAG, ii)
QA search: as evaluated in the previous section, iii)
RAG + QA search: applying QA search to ques-
tions incorrectly answered by RAG iv) QA search
+ RAG: applying RAG to questions incorrectly an-
swered by QA search. The last approach is exactly
what Figure 1 illustrates.

5.1 Experimental Setup

RAG As illustrated in the top-right section of
Figure 1, the RAG system used in the following ex-
periments consists of three main modules, inspired
by (Lewis et al., 2021) and (Gao et al., 2024): (i)
an embedding creator, (ii) a retriever, and (iii) a
retrieval-augmented generator. Initially, documents
are segmented into smaller chunks, which are then
transformed into embeddings using an embedding
model. These embeddings are stored in a vector
database as a knowledge base through an indexing
algorithm, making them ready for efficient retrieval.
When a user submits a query to the RAG system,
the query is embedded using the same embedding
model and sent to the vector database to identify
the top k most relevant documents. In some cases, a
reranker, typically another LLM, may be employed
to reorder the retrieved documents for improved
relevance. Finally, a prompt is constructed by com-
bining the user query with the top k documents as

35

@ Accuracy (%) @Time (Seconds/Query)

N

4.36
88.13%

92.29% 93.84%. 95.48%

90:55%
2.72

Memory (MB) @GPU (MB) @CPU (%)

5.00

5.00 5.00

50 100 150
Number of Questions Used in QA Search Context

Figure 4: Accuracy, Resource and Time Consump-
tion Across Varying Number of Questions Used as QA
Search Context, with 300 as Total Number of Questions
in Question Catalog and GPT4o as the Answering LLM

context, which is then sent to an LLM to generate
the final response to the user’s query.

Datasets The four QA datasets used for the fea-
sibility assessment in last section are unsuitable for
this experiment, as they consist solely of QA-pairs
and do not include the corresponding text blocks
from which the answers can be generated. We
chose two other publicly available document sets:
(i) it-tech-doc, an I'T-technical document set and
(i1) financial-news, a financial news document set.

Building Synthetic QA-pairs We devided each
document from both document sets into chunks,
with a size of 2000 tokens and an overlap of 200
tokens. For each document chunk, we utilized two
LLMs (GPT3.5 and GPT40) to generate synthetic
QA-pairs. We then evaluated the quality of the
generated QA-pairs, assigning a score between 1
(poor) and 5 (excellent) based on three criteria: (i)
Groundedness: can the question be answered from
the given context? (ii) Relevance: is the question
relevant for a given topic? (iii) Stand-alone: is the
question understandable free of any context? We
retained QA-pairs with best scores across all three
criteria and selected 150 samples from each QA
set for further processing. The prompt templates
utilized here are available in Figure 8-11.

Building Test Cases for Evaluating RAG Evalu-
ating a RAG system can be complex due to various
factors that influence its overall performance. But
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it is not the primary focus of this experiment to try
out different combinations of influence factors. For
this work we simply used two chunk sizes (200 and
400) to create chunking, applied one embedding
model (GTE-small, a variant from the General Text
Embedding (GTE) series developed by Alibaba
Group (Li et al., 2023c¢)) to embed and retrieve em-
bedded chunks. We then applied two approaches
to the retrieved chunks: one without a reranker
and one with a reranker (colbertv2.0, a model de-
veloped at Stanford University (Santhanam et al.,
2022)). Furthermore, we used two LLMs (the two
top performers from the feasibility experiment in
Section 4: GPT40 and Llama 3.3:70B) to gener-
ate the answer to a given question based on the
found chunks and another LLM for evaluating the
generated answers. This in total made up 16 test
cases for the baseline RAG evaluation: 2 (LLMs
for QA generation) x 1 (LLM for QA evaluation)
% 2 (chunk sizes for embedding) x 1 (embedding
model) x 2 (options for reranking, with or without)
x 2 (LLMs for answer generation) = 16. Finally,
for each of the 16 test cases we obtained an average
accuracy score for generated answers across all 150
sample questions, and made the average of the 16
average accuracy scores as the final accuracy to the
baseline RAG. Details about the 16 combinations
for both document sets can be found in Table 9- 10.

Building Test Cases for Evaluating QA Search
After the comprehensive feasibility experiments in
Section 4, we intended not to construct too many
test cases for the QA search testing. To each of
the synthetic QA-pairs sample sets, we applied one
LLM (GPT4o) for rephrasing the original question,
and two LLMs (GPT4o and Llama 3.3:70B) for QA
search. This made in total 8 test cases: 2 (LLMs for
synthetic QA generation) x 1 (LLM for synthetic
QA evaluation) x 1 (LLM for rephrasing question)
x 2 (question types, original and rephrased) x 2
(LLMs for QA search) = 8. Details about the 8
test cases for both document sets can be found in
Table 11- 12.

5.2 Implementation Details

For each of the document sets (it-tech-doc and
financial-news), we applied the following four ap-
proaches:

Answering Questions with RAG For each of
the 16 test cases, we answered the sampled ques-
tions by following the RAG pipeline described in
Figure 1 and detailed in Algorithm 2. The prompt
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templates used in this process are provided in Fig-
ure 12.

Unlike the binary evaluation used for QA search,
as described in Subsection 4.2, the answers gener-
ated by RAG are evaluated using a scoring scale
from 1 (worst) to 5 (best). Answers receiving a
score of 4 or 5 are considered correct, while those
scoring below 4 are deemed incorrect. The prompt
template used for this evaluation is provided in
Figure 13.

Algorithm 2 Answering Questions by RAG

1: for each question q do

2: ge < embed(q)

3: Dy, < retrieve(qe, D, k)

4: if reranking then Dy,. < rerank(Dy,)
5: a < generate(Dy,, q)

6: else

7: a < generate(Dy, q)

8: end if

9: Save answer a

10: end for

Applying QA Search to Questions Incorrectly
Answered by RAG In the next step, we collected
all the questions that were incorrectly answered
in the previous phase, rephrased them, and then
applied Algorithm 1 to the rephrased questions,
using the list of original QA-pairs as context.

Answering Questions with QA Search For all
8 test cases of QA search, we applied the semantic
search of questions among the list of original QA-
pairs as described in Section 3-4.

Applying RAG to Questions Incorrectly An-
swered by QA Search We gathered all the ques-
tions that were incorrectly answered by the QA
search in last step. We then applied Algorithm 2
to each of them to generate answer, and calculated
the final accuracy.

The two document sets, all codes and generated
outputs for this experiment are available at this Git
repository 2.

5.3 Main Experimental Results

5.3.1 Accuracy Improvement

Based on Figure 5, it is evident that, without any pa-
rameter tuning on either side, the three alternative
approaches consistently outperform the baseline
RAG across both document sets. By applying the
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Measure GPU (MB) Memory (MB) CPU (%) Time (Sec/query)
Method | RAG QA Search | RAG QA Search | RAG QA Search | RAG QA Search
it-tech-doc | 899 6 | 1,741 161 | 5.92% 2.09% | 11.68 0.81
financial-news | 899 6 | 1,865 162 | 5.82% 2.00% | 10.93 0.73

Table 1: Mean Resource & Time Consumption for RAG and QA Search

Mean Accuracy (%) by Method

Document Set:
it-tech-doc

99.29%
99.42%

Document Set:
finance-news

78.13%
96.67%

®RAG ®RAG + QA Search QA Search ®QA Search + RAG

Figure 5: Mean Accuracy of Four Methods: i) RAG,
ii) RAG + QA Search, iii) QA Search, iv) QA Search +
RAG

QA search method to the questions incorrectly an-
swered by the baseline RAG, the accuracy can be
significantly improved—from 80.11% to 99.29%
for one document set and from 78.13% to 96.67%
for the other.

Remarkably, the QA search approach alone de-
livers superior results compared to the baseline
RAG, with accuracy improvements of 17% and
4%, respectively. Furthermore, the final combined
approach (QA search + RAG), achieves the highest
mean accuracy, reaching 99.42% for it-tech-doc
and 97.15% for financial-news. This optimal ap-
proach is precisely the one depicted in Figure 1.

The detailed average accuracy for all test cases
is provided in Tables 9-12.

5.3.2 Efficiency Improvement

In terms of computational resource consumption
per user query, the QA search approach demon-
strates significant advantages over the traditional
RAG. As shown in Table 1, querying with QA
search requires no GPU resources (the 6 MB listed
in the table is attributed solely to operating system
overhead), whereas the RAG setup described in
Subsection 5.1 demands nearly 900 MB of GPU
memory. Additionally, RAG exhibits over 10 times
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higher memory consumption and nearly 3 times
greater CPU usage compared to QA search.

Thanks to its lightweight architecture, the QA
search approach achieves a significantly shorter
average response time compared to RAG —under
1 second (0.81 or 0.73 seconds) versus over 10
seconds (11.68 or 10.93 seconds) for RAG. It is
important to note that the reported response times
are based on a question catalog containing 150
entries, all consolidated into a single query context.
For a detailed comparison of response times across
different catalog sizes or context configurations,
please refer to Figures 3 and 4.

Detailed average resource consumption metrics
are provided in Tables 13—16. It is worth noting
that in our experiments, local open-source LLMs
used for answering questions are hosted as separate
standalone processes and are not part of the query
processing pipeline. Consequently, their GPU con-
sumption is excluded from the resource measure-
ments for both RAG and QA search.

5.3.3 Expert Answer instead of Hallucination

For QA-pairs used in the QA search module, an-
swers can be thoroughly prepared in advance. For
instance, we can engage experts to formulate or
review these answers. Additionally, we can en-
hance the responses by including supplementary
information, such as precise references to citation
sources. Complex questions that require insights
from extensive text corpora typically present signif-
icant challenges to the RAG paradigm. However,
with the QA search, they can also be effectively
addressed in advance.

5.3.4 Easy Setup, Update, High Efficiency and
Stability
The QA search module is designed for seamless
integration with RAG, and it can be initiated with
an empty list of pre-known QA-pairs. Over time,
answers generated by RAG can be evaluated and la-
beled by human and/or LLMs. Questions for which
RAG fails to generate correct answers are collected.
These questions, along with their (offline) prepared
answers, are added to the QA search module’s list
for future semantic searches. If the list exceeds



the maximum token limit, it can be divided into
manageable blocks. Additionally, questions that
RAG can answer correctly may also be added to
the list, as QA search typically requires less compu-
tational power and delivers shorter response time.
Moreover, the answers returned by the QA search
module remain consistent, enhancing the overall
stability of the system’s responses.

6 Conclusion

In this work, we introduced and demonstrated
a straightforward QA search approach as an ad-
ditional, integrable component to a traditional
RAG pipeline, particularly for scenarios where the
baseline RAG struggles to generate accurate an-
swers for certain questions. Our empirical analysis
shows that even with a simple setup, this approach
can enhance performance and reduce the resource
consumption of the conventional RAG paradigm.
Furthermore, it enables applications to be imple-
mented, updated, and scaled in an efficient and
effective manner.

Limitations

This work has three main limitations. First, while
we successfully designed experiments to compare
our approach with RAG using the same datasets,
we explored only a limited number of combina-
tions of adjustable factors within the RAG pipeline.
The baseline accuracy of a RAG approach can vary
significantly depending on the dataset used and the
specific implementation details throughout the en-
tire RAG process. Second, we did not conduct an
in-depth analysis of the incorrectly answered ques-
tions (by both RAG and QA search) to identify the
precise reasons for these failures. Third, for the
comparative experiments, we relied on LLMs to
generate synthetic QA-pairs from two document
sets, as the four QA datasets used in the feasibil-
ity experiments do not include corresponding text
blocks. But we began our work using some of
our internal data sets, which are not accessible to
LLMs. Following the success of our experiments
with these internal cases, we decided to publish
this concept. To ensure data confidentiality, we
utilized public data instead of our actual internal
data for the publication. However, we achieved
comparable results and accuracy using both the
real internal data and the publicly available syn-
thetic data/QA-pairs. Additionally, we depended
on LLMs to evaluate the quality of all generated

QA-pairs and were only able to manually verify
10% of them through random sampling.
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A Prompts

You will be provided with question delimited by triple quotes. \

Please create {num_question} questions based on it with same meaning in {lang}, without quotes. \
Please list only the questions, no other text around. \

{text_length_spec}

\"\"\"{qUesﬁon}\"\"\"

nn

text_length_spec = "And it should not more than {question_length} characters."

Figure 6: Prompt for Rephrasing Question

nn

You will be provided with text delimited by triple quotes. \
It's a table of questions and answers, where answers are in the form of a reference number. \
If a question can be found in the table, return the reference number of the answer.

If the question cannot be found in the table, \
then simply return \"-1\"

\"\"\"{questions_in_list}\"\"\"

nn

Figure 7: Prompt for Answering Question with New Approach

Your task is to write a factoid question and an answer given a context.
Your factoid question should be answerable with a specific, concise piece of factual information from the context.

Your factoid question should be formulated in the same style as questions users could ask in a search engine.
This means that your factoid question MUST NOT mention something like "according to the passage" or "context".

Provide your answer as follows:

Output:::

Factoid question: (your factoid question)
Answer: (your answer to the factoid question)

Now here is the context.

Context: {context}\n
Output:::"""

Figure 8: Prompt for Generating Synthetic QA-pairs
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question_groundedness_critique_prompt = """You will be given a context and a question.

Your task is to provide a 'total rating' scoring how well one can answer the given question unambiguously with the given context.
Give your answer on a scale of 1 to 5, where 1 means that the question is not answerable at all given the context, and 5 means that
the question is clearly and unambiguously answerable with the context.

Provide your answer as follows:

Answer:::

Evaluation: (your rationale for the rating, as a text)

Total rating: (your rating, as a number between 1 and 5)

You MUST provide values for 'Evaluation:' and 'Total rating:' in your answer.
Now here are the question and context.

Question: {question}\n

Context: {context}\n
Answer::: """

Figure 9: Prompt for Evaluating Generated QA-pairs with Critique Groundedness

"""You will be given a question.

Your task is to provide a 'total rating' representing how useful this question can be to machine learning developers building
NLP applications with the Hugging Face ecosystem.

Give your answer on a scale of 1 to 5, where 1 means that the question is not useful at all, and 5 means that the question is
extremely useful.

Provide your answer as follows:

Answer:::

Evaluation: (your rationale for the rating, as a text)

Total rating: (your rating, as a number between 1 and 5)

You MUST provide values for 'Evaluation:' and 'Total rating:' in your answer.

Now here is the question.

Question: {question}\n
Answer::: """

Figure 10: Prompt for Evaluating Generated QA-pairs with Critique Relevance
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"""You will be given a question.

Your task is to provide a 'total rating' representing how context-independent this question is.

Give your answer on a scale of 1 to 5, where 1 means that the question depends on additional information to be understood,
and 5 means that the question makes sense by itself.

For instance, if the question refers to a particular setting, like 'in the context' or 'in the document’, the rating must be 1.

The questions can contain obscure technical nouns or acronyms like Gradio, Hub, Hugging Face or Space and still be a 5: it
must simply be clear to an operator with access to documentation what the question is about.

For instance, "What is the name of the checkpoint from which the ViT model is imported?" should receive a 1, since there is
an implicit mention of a context, thus the question is not independent from the context.

Provide your answer as follows:

Answer:::

Evaluation: (your rationale for the rating, as a text)

Total rating: (your rating, as a number between 1 and 5)

You MUST provide values for 'Evaluation:' and 'Total rating:' in your answer.

Now here is the question.

Question: {question}\n
Answer::: """

Figure 11: Prompt for Evaluating Generated QA-pairs with Critique Stand-alone

<|system|>

Using the information contained in the context,

give a comprehensive answer to the question.

Respond only to the question asked, response should be concise and relevant to the question.
Provide the number of the source document when relevant.

If the answer cannot be deduced from the context, do not give an answer.</s>

<|user|>

Context:

{context}

Now here is the question you need to answer.

Question: {question}
</[s>
<|assistant|>

Figure 12: Prompt for Answering Question with RAG
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""" Task Description:

An instruction (might include an Input inside it), a response to evaluate, a reference answer that gets a score of 5, and a score
rubric representing a evaluation criteria are given.

1. Write a detailed feedback that assess the quality of the response strictly based on the given score rubric, not evaluating in
general.

2. After writing a feedback, write a score that is an integer between 1 and 5. You should refer to the score rubric.

3. The output format should look as follows: \"Feedback: {{write a feedback for criteria}} [RESULT] {{an integer number
between 1 and 5}}\"

4. Please do not generate any other opening, closing, and explanations. Be sure to include [RESULT] in your output.

###The instruction to evaluate:
{instruction}

###Response to evaluate:
{response}

##t#Reference Answer (Score 5):
{reference_answer}

###Score Rubrics:

[Is the response correct, accurate, and factual based on the reference answer?]
Score 1: The response is completely incorrect, inaccurate, and/or not factual.
Score 2: The response is mostly incorrect, inaccurate, and/or not factual.

Score 3: The response is somewhat correct, accurate, and/or factual.

Score 4: The response is mostly correct, accurate, and factual.

Score 5: The response is completely correct, accurate, and factual.

#it#Feedback:"""

Figure 13: Prompt for Evaluating Answers Generated with RAG
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B Experiment Setup

Question  Answer Rephr. Question  Short Question  Short
Variant rephr. by Question rephr. by Question
Model 1 rephr. by Model 9  rephr. by
Model 1 Model 9
1 rephr. rephr. rephr. rephr.
variant 1 short variant 1 short
to Q1 by variant 1 to Q1 by variant 1
model 1 to Q1 by model 9 to Q1 by
model 1 model 9
2 rephr. rephr. rephr. rephr.
variant 2  short variant 2  short
Q1 Al to Q1 by variant 2 to Q1 by variant 2
model 1 to Q1 by model 9 to Q1 by
model 1 model 9
3 rephr. rephr. rephr. rephr.
variant 3  short variant 3  short
to Q1 by variant 3 to Q1 by variant 3
model 1 to QI by model 9 to Q1 by
model 1 model 9
1 rephr. rephr. rephr. rephr.
variant 1 short variant 1 short
to Q2 by variant 1 to Q2 by variant 1
model 1 to Q2 by model 9 to Q2 by
model 1 model 9
2 rephr. rephr. rephr. rephr.
variant 2 short variant 2 short
Q2 A2 to Q2 by variant 2 to Q2 by variant 2
model 1 to Q2 by model 9 to Q2 by
model 1 model 9
3 rephr. rephr. rephr. rephr.
variant 3  short variant 3  short
to Q2 by variant 3 to Q2 by variant 3
model 1 to Q2 by model 9 to Q2 by
model 1 model 9

Table 2: 54 rephrased expressions by 9 models to each original question
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C Evaluation Results for Feasibility Experiments

Tables 3-6 below (one table per QA dataset) present questions rephrased by various LLMs, both without
and with length limitations (denoted as "short"), arranged vertically. Horizontally, each rephrased question
variant is answered by different LLMs. Each value represents the average accuracy across the entire sample
set. Bolded values within the table indicate the LLM that achieves the highest answering performance for
each question variant. Furthermore, the bolded average values in the bottom row represent the overall
answering performance of each LLM across all question variants. These values are also depicted in
Figure 2.

Question Answered By

Rephrased By gpt35 gptdo llama3.1 llama3.3 qwen2  qwen2.5:7b  mixtral:8x7b  mixtral:8x22b  gemma2 gemma2:27b
original question 92.95%  100.00% 22.76% 87.80%  27.10% 75.34% 97.56% 100.00 % 74.53% 38.75%
gpt35 84.28% 96.48%  21.95% 86.72%  40.92% 71.27% 98.10 % 89.16%  89.16% 62.06%
gpt35 short 85.64% 94.31%  20.05% 86.72%  32.52% 71.54% 94.85% 90.79%  86.45% 55.83%
gpt4o 88.35% 98.92%  21.14% 84.28%  38.48% 71.54% 99.19 % 96.21%  86.18% 51.22%
gptdo short 85.09% 97.02%  22.49% 86.45%  34.96% 69.38% 97.83% 93.22%  82.93% 56.37%
llama3.1 80.76% 93.22%  20.33% 82.11%  34.69% 71.00% 94.85% 87.53%  82.11% 51.49%
llama3.1 short 72.63% 85.91% 19.78%  78.86%  32.52% 60.16% 86.72% 81.03%  77.78% 50.68%
qwen2 79.67% 95.66%  20.33%  74.80%  38.21% 70.73% 95.93% 88.35%  78.32% 41.73%
qwen2 short 72.09% 84.28% 18.16%  72.36%  35.23% 60.43% 89.16% 81.03%  76.42% 46.07%
qwen2.5:7b 79.67% 95.39% 21.14% 80.76%  35.50% 73.44% 94.58% 92.14%  82.38% 48.78%
qwen2.5:7b short 70.73% 84.01% 1843%  75.07%  31.17% 64.23% 85.91% 78.59%  74.53% 48.51%
mixtral:8x7b 84.82% 95.93%  22.49% 82.93%  43.09% 74.25% 97.56 % 93.77%  85.64% 49.32%
mixtral:8x7b short 84.01% 96.21%  21.41% 83.74%  38.21% 73.71% 98.10% 93.77%  85.91% 52.03%
mixtral:8x22b 83.20% 96.21%  21.95%  79.67%  39.57% 69.11% 97.83% 94.58%  83.47% 46.61%
mixtral:8x22b short | 81.84% 88.89%  20.87% 88.02%  32.52% 68.29% 95.12% 91.60%  85.37% 46.88%
gemma2 84.28% 97.02%  22.49% 86.45%  36.59% 73.17% 97.83% 9241%  85.09% 53.12%
gemma?2 short 82.38% 92.14%  20.60% 88.35%  33.33% 71.27% 92.95% 89.97%  81.30% 53.39%
gemma2:27b 86.45% 96.75%  21.68% 83.20%  38.75% 70.46% 98.10% 92.14%  85.09% 54.20%
gemma?2:27b short 79.95% 91.87%  20.60% 84.28%  36.31% 65.31% 94.04 % 85.37%  79.40% 51.49%
Mean 82.04% 93.70%  20.98%  82.80% 35.77% 69.72% 95.06 % 90.09%  82.21% 50.45%

Table 3: Detailed Answering Accuracy Results for QA Set OpenBookQA

Question Answered By

Rephrased By gpt35 gptdo llama3.1 llama3.3  qwen2  qwen2.5:7b  mixtral:8x7b  mixtral:8x22b  gemma2 gemma2:27b
original question 98.58%  99.76% 35.93% 95.27%  77.54% 92.91% 100.00 % 100.00 % 92.20% 76.83%
gpt35 95.04%  85.11% 35.70% 88.65%  74.70% 89.13% 95.98 % 87.94%  90.31% 74.94%
gpt35 short 94.56%  80.61% 38.53% 88.18%  69.98% 89.83% 96.22% 91.02%  89.60% 74.00%
gptdo 96.69%  89.36% 33.81% 89.83%  71.87% 91.25% 96.93% 95.04%  91.25% 73.29%
gpt4o short 96.45%  82.03% 39.24%  91.02%  74.23% 90.78% 95.98% 93.85%  91.96% 76.12%
llama3.1 94.56%  84.87% 32.86% 85.82%  73.52% 88.18% 94.09% 87.71%  91.25% 75.89%
1lama3.1 short 89.83%  78.96% 36.88% 84.63%  66.90% 84.40% 90.78 % 87.23%  87.94% 77.07%
qwen2 90.78%  90.78% 30.26% 87.00%  75.41% 85.34% 95.74% 89.36%  88.89% 72.81%
qwen2 short 90.31%  84.40% 34.04% 83.45%  71.39% 88.65% 95.51% 85.58%  89.13% 72.34%
qwen2.5:7b 93.62%  91.25% 31.68% 88.18%  72.81% 88.18% 96.22% 90.07%  91.73% 74.00%
qwen2.5:7b short 93.38%  81.80% 35.70% 84.16%  75.41% 89.13% 93.62% 87.23%  90.07% 75.41%
mixtral:8x7b 94.80%  91.25% 33.33% 88.89%  74.710% 90.54% 95.98 % 9291%  90.78% 74.70%
mixtral:8x7b short 9527%  91.02% 32.62%  90.07%  76.36% 88.65% 95.98 % 93.85%  90.78% 76.12%
mixtral:8x22b 93.62%  91.73% 30.97% 88.65%  73.76% 89.60% 96.45 % 91.25%  90.31% 73.05%
mixtral:8x22b short 91.96%  78.72% 35.93% 85.58%  72.10% 88.42% 93.85% 89.83%  89.36% 74.94%
gemma2 9527%  88.89% 33.81% 87.71%  70.45% 90.54% 95.27% 9243%  91.02% 75.89%
gemma?2 short 90.31%  77.54% 33.81% 89.60%  66.19% 84.87% 93.14% 91.02%  90.78% 78.96%
gemma?2:27b 93.85%  87.47% 32.15% 88.89%  74.710% 89.13% 97.16% 89.13%  90.07% 77.07%
gemma?2:27b short 93.62%  82.74% 35.70% 89.60%  65.96% 87.47% 93.85% 89.60%  91.25% 77.78%
Mean 93.82% 86.23% 34.37% 88.17% 72.53% 88.79% 95.41% 90.79%  90.46% 75.33%

Table 4: Detailed Answering Accuracy Results for QA Set CMU-Wiki-QA
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Question Answered By

Rephrased By gpt35 gptdo llama3.1  1lama3.3 qwen2 qwen2.5:7b  mixtral:8x7b  mixtral:8x22b  gemma2  gemma2:27b
original question 95.45%  99.24%  24.49% 89.90%  79.04% 91.16% 100.00 % 100.00 % 91.41% 83.59%
gpt35 94.19%  94.70% 24.75% 88.38%  75.51% 85.10% 93.18% 93.18%  89.65% 81.57%
gpt35 short 89.14%  93.18% 21.97% 86.62%  71.21% 79.29% 89.90% 87.12%  83.59% 78.28%
gpt4o 94.19%  98.23% 2525%  91.16%  78.79% 89.90% 97.98% 95.71%  91.16% 82.07%
gptdo short 83.84%  8232%  24.75% 80.56%  69.44% 75.25% 85.61% 78.28%  78.54% 73.99%
1lama3.1 86.11% 84.85%  23.74%  77.718%  69.19% 75.51% 86.11% 76.01%  79.80% 78.03%
1llama3.1 short 70.96%  64.90%  2247%  69.710%  63.38% 62.12% 73.74% 60.35%  65.91% 71.21%
qwen2 82.07%  79.55%  23.74%  78.54% = 69.95% 71.46% 82.58% 75.76%  83.84% 78.79%
qwen?2 short 81.31% 75.51% 27.78% 73.74%  67.93% 71.21% 79.29% 68.18% 78.28% 76.77%
qwen2.5:7b 85.61%  86.62% 23.23% 83.59%  69.95% 74.49% 86.11% 74.24%  84.85% 79.29%
qwen?2.5:7b short 68.69%  61.87% 24.24% 71.72% 58.84% 63.13% 70.71% 60.86% 66.92% 65.66%
mixtral:8x7b 93.18%  96.72% 24.24% 89.39%  73.74% 83.84% 92.42% 90.91%  88.13% 80.30%
mixtral:8x7b short 88.89%  92.17% 24.49% 85.61%  77.53% 79.80% 87.63% 86.11% 85.10% 79.55%
mixtral:8x22b 90.15%  92.93% 24.75% 86.62%  75.76% 78.54% 90.40% 85.10%  85.86% 82.83%
mixtral:8x22b short 80.56% 82.32% 26.01% 80.30%  68.43% 66.16% 80.05% 71.97%  76.77% 80.05%
gemma2 91.41%  95.20% 25.51% 87.37%  76.26% 81.57% 91.67% 86.87%  86.36% 79.29%
gemma?2 short 80.56%  76.26%  21.72% 80.56%  62.12% 67.17% 81.06% 77.78%  76.26% 76.26%
gemma2:27b 93.18%  93.69% 26.01% 88.38%  74.75% 80.05% 89.14% 89.14%  86.11% 80.30%
gemma?2:27b short 76.52%  76.77%  21.46%  79.55%  61.62% 66.67% 75.76% 67.93%  75.00% 74.75%
Mean 85.58% 85.63% 24.24%  82.60% 70.71% 75.92% 85.96 % 80.29%  81.77% 78.03%

Table 5: Detailed Answering Accuracy Results for QA Set LHM-Dienstleistungen-QA

Question Answered By

Rephrased By gpt35 gptdo llama3.1  llama3.3  qwen2  qwen2.5:7b  mixtral:8x7b  mixtral:8x22b  gemma2 gemma2:27b
original question 97.20%  100.00% 21.91% 86.01%  48.72% 92.07% 92.07% 99.77%  81.18% 55.71%
gpt35 94.17 % 93.01%  24.01%  90.21%  62.70% 88.81% 88.11% 80.19%  91.84% 69.00%
gpt35 short 90.68% 91.61% 28.21% 86.95%  55.48% 86.95% 78.32% 72.96%  89.28% 70.16%
gpt4o 96.97% 97.20% 24.94% 87.88%  57.58% 93.47% 91.84% 95.80%  88.58% 61.07%
gptdo short 95.80% 97.67 % 2751%  92.07%  57.34% 93.01% 91.14% 93.01%  89.51% 67.83%
llama3.1 84.62% 80.65%  24.48%  73.89%  48.95% 79.02% 72.96% 67.83%  79.95% 63.87%
llama3.1 short 72.49% 71.79% 25.17% 73.66%  44.06% 69.23% 57.34% 50.12%  74.13% 62.47%
qwen2 90.21% 91.38% 24.94% 84.62%  60.84% 84.85% 79.02% 76.46%  871.88% 62.70%
qwen?2 short 89.04% 89.98 % 24.48% 86.95%  59.21% 87.18% 79.25% 67.37% 83.22% 70.40%
qwen2.5:7b 92.07% 93.71% 22.14% 89.51%  60.37% 92.54% 84.85% 78.79%  89.04% 68.07%
qwen?2.5:7b short 86.71% 89.04 % 26.57% 88.81%  52.91% 86.25% 75.99% 64.80% 87.41% 71.10%
mixtral:8x7b 85.78% 92.77 % 23.54% 83.68%  57.34% 84.38% 80.42% 76.69%  85.78% 64.34%
mixtral:8x7b short 82.05% 89.51% 23.78% 83.22%  50.35% 81.82% 75.29% 71.10%  84.85% 63.17%
mixtral:8x22b 92.77 % 92.07%  21.68% 84.85%  59.21% 88.34% 83.22% 82.98%  87.88% 63.17%
mixtral:8x22b short | 91.38% 92.77% 24.48% 89.74%  54.08% 89.98% 78.09% 78.09%  89.51% 69.00%
gemma2 94.41% 96.04 % 24.48% 88.34%  59.91% 89.98% 89.28% 83.45%  88.81% 65.97%
gemma?2 short 88.34% 86.71%  23.78% 87.41%  50.12% 85.31% 75.76% 64.34%  86.01% 71.79%
gemma2:27b 93.01% 96.27 % 24.94% 89.28%  57.34% 93.01% 87.18% 83.92%  89.28% 67.60%
gemma?2:27b short 92.31% 93.24% 27.74% 88.81%  53.38% 88.11% 75.76% 72.96%  89.28% 71.33%
Mean 90.00 % 91.34%  24.67% 86.10% 55.26% 87.07% 80.84% 76.87%  86.81% 66.25%

Table 6: Detailed Answering Accuracy Results for QA Set CMMLU
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Doc Set Model for Context Mean Mean Mean Mean Mean

QA Gen- Size GPU Memory CPU Us- Elapsed Accuracy
eration (MB) (MB) age (%) Time (sec- (%)
onds/question)
it-tech- chatgpt35 300 5 162.68 0.00% 1.41 98.67%
doc
it-tech- chatgpt35 600 5 162.68 1.33% 2.61 97.33%
doc
it-tech- chatgpt35 900 5 162.69 0.67% 3.07 97.33%
doc
it-tech- chatgpt35 1200 5 162.69 1.33% 5.08 96.67%
doc
it-tech- chatgpt35 1500 5 162.71 1.33% 5.99 99.33%
doc
it-tech- chatgptdo 300 5 164.10 0.00% 1.06 96.67%
doc
it-tech- chatgptdo 600 5 164.10 1.33% 2.50 98.67%
doc
it-tech- chatgptdo 900 5 164.10 1.33% 391 94.67%
doc
it-tech- chatgptdo 1200 5 164.10 0.67% 4.48 93.33%
doc
it-tech- chatgptdo 1500 5 164.10 1.33% 7.28 93.33%
doc
financial-  chatgpt35 300 5 161.54 2.33% 1.33 85.27%
news
financial-  chatgpt35 600 5 161.54 3.10% 2.71 83.72%
news
financial-  chatgpt35 900 5 161.54 0.00% 2.74 79.07%
news
financial-  chatgpt35 1200 5 161.54 0.78% 4.07 76.74%
news
financial-  chatgpt35 1500 5 161.55 2.33% 5.47 76.74%
news
financial- chatgpt4o 300 5 164.83 2.00% 1.78 94.00%
news
financial- chatgpt4do 600 5 164.83 0.67% 2.49 94.00%
news
financial-  chatgpt4o 900 5 164.83 0.67% 3.66 94.00%
news
financial-  chatgpt4do 1200 5 164.83 1.33% 4.53 90.67%
news
financial-  chatgpt4do 1500 5 164.83 1.33% 5.85 94.00%
news
300 5 163.29 1.08% 1.39 93.65%
600 5 163.29 1.61% 2.58 93.43%
Mean 900 5 163.29 0.67% 3.35 91.27%
1200 5 163.29 1.03% 4.54 89.35%
1500 5 163.30 1.58% 6.15 90.85%

Table 7: Accuracy, Resource and Time Consumption Across Varying Total Numbers of Questions in the Question
Catalog, with 150 Questions as QA Search Context and GPT4o as the Answering LLM
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Doc Set Model for Context Mean Mean Mean Mean Mean

QA Gen- Size GPU Memory CPU Us- Elapsed Accuracy
eration (MB) (MB) age (%) Time (sec- (%)
onds/question)
it-tech- chatgpt35 30 5 161.53 0.00% 4.72 89.33%
doc
it-tech- chatgpt35 50 5 161.53 2.00% 2.98 95.33%
doc
it-tech- chatgpt35 100 5 161.53 0.67% 1.80 96.67%
doc
it-tech- chatgpt35 150 5 161.53 2.67% 1.45 98.67%
doc
it-tech- chatgpt35 300 5 161.55 4.67% 1.68 98.67%
doc
it-tech- chatgptdo 30 5 162.28 0.67% 3.43 96.00%
doc
it-tech- chatgptdo 50 5 162.28 0.67% 2.45 96.00%
doc
it-tech- chatgptdo 100 5 162.27 2.67% 1.44 98.00%
doc
it-tech- chatgptdo 150 5 162.27 1.33% 1.02 96.00%
doc
it-tech- chatgptdo 300 5 162.27 2.67% 0.80 99.33%
doc
financial-  chatgpt35 30 5 161.38 0.00% 4.48 75.19%
news
financial-  chatgpt35 50 5 161.38 0.78% 2.23 77.52%
news
financial-  chatgpt35 100 5 161.38 2.33% 1.52 79.84%
news
financial-  chatgpt35 150 5 161.38 1.55% 1.40 86.05%
news
financial-  chatgpt35 300 5 161.39 0.78% 1.20 85.27%
news
financial-  chatgpt4do 30 5 162.34 0.67% 4.83 92.00%
news
financial- chatgpt4do 50 5 162.34 5.33% 3.20 93.33%
news
financial- chatgpt4do 100 5 162.34 1.33% 2.16 94.67%
news
financial- chatgpt4do 150 5 162.34 3.33% 1.71 94.67%
news
financial-  chatgpt4o 300 5 162.34 1.33% 1.46 98.67%
news
30 5 161.88 0.33% 4.36 88.13%
50 5 161.88 2.19% 2.72 90.55%
Mean 100 5 161.88 1.75% 1.73 92.29%
150 5 161.88 2.22% 1.39 93.84%
300 5 161.89 2.36% 1.28 95.48%

Table 8: Accuracy, Resource and Time Consumption Across Varying Number of Questions Used as QA Search
Context, with 300 as Total Number of Questions in Question Catalog and GPT4o0 as the Answering LLM
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D Evaluation Results for Comparative Experiments

D.1 Evaluation Results for Comparing RAG and RAG + QA Search

Test Case Model for Chunk Size If Rerank  Model for Mean Accu. Mean Accu.
ID QA Genera- Answer RAG RAG + QA
tion Generation Search

1 chatgpt35 200 TRUE chatgptdo 79.33% 100.00%
2 chatgpt35 200 FALSE chatgptdo 81.33% 100.00%
3 chatgpt35 400 TRUE chatgptdo 82.00% 99.33%
4 chatgpt35 400 FALSE chatgptdo 84.67% 100.00%
5 chatgpt35 200 TRUE llama3.3 77.33% 99.33%
6 chatgpt35 200 FALSE llama3.3 74.67% 99.33%
7 chatgpt35 400 TRUE Ilama3.3 78.67% 100.00%
8 chatgpt35 400 FALSE llama3.3 79.33% 100.00%
9 chatgpt4o 200 TRUE chatgptdo 82.55% 97.99%
10 chatgptdo 200 FALSE chatgptdo 83.89% 98.66%
11 chatgptdo 400 TRUE chatgptdo 82.67% 99.33%
12 chatgptdo 400 FALSE chatgpt4o 80.00% 100.00%
13 chatgptdo 200 TRUE llama3.3 79.33% 99.33%
14 chatgpt4o 200 FALSE llama3.3 78.67% 97.33%
15 chatgptdo 400 TRUE llama3.3 76.67% 98.67%
16 chatgptdo 400 FALSE llama3.3 80.67% 99.33%

Mean 80.11% 99.29%

Table 9: Mean Accuracy for RAG vs. RAG + QA Search for Document Set it-tech-doc

Test Case Model for Chunk Size If Rerank  Model for Mean Accu. Mean Accu.
ID QA Genera- Answer RAG RAG + QA
tion Generation Search

1 chatgpt35 200 TRUE chatgptdo 84.00% 96.67%
2 chatgpt35 200 FALSE chatgptdo 86.00% 98.00%
3 chatgpt35 400 TRUE chatgptdo 88.67% 97.33%
4 chatgpt35 400 FALSE chatgptdo 86.67% 98.00%
5 chatgpt35 200 TRUE llama3.3 80.67% 94.00%
6 chatgpt35 200 FALSE llama3.3 77.33% 93.33%
7 chatgpt35 400 TRUE llama3.3 80.67% 96.00%
8 chatgpt35 400 FALSE llama3.3 80.67% 96.00%
9 chatgpt4o 200 TRUE chatgpt4o 76.67% 98.00%
10 chatgpt4o 200 FALSE chatgptdo 74.67% 96.00%
11 chatgptdo 400 TRUE chatgptdo 71.33% 96.00%
12 chatgptdo 400 FALSE chatgptdo 70.67% 96.67%
13 chatgptdo 200 TRUE llama3.3 74.67% 97.33%
14 chatgptdo 200 FALSE llama3.3 75.33% 97.33%
15 chatgpt4o 400 TRUE Ilama3.3 71.33% 98.00%
16 chatgptdo 400 FALSE llama3.3 70.67% 98.00%

Mean 78.13% 96.67%

Table 10: Mean Accuracy for RAG vs. RAG + QA Search for Document Set financial-news
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D.2 Evaluation Results for Comparing QA Search and QA Search + RAG

Test Case ID Model for QA Model for An- Question Type Mean Accu. Mean Accu.

Generation swer Genera- QA Search QA Search +
tion RAG

1 chatgpt35 chatgptdo normal 93.29% 99.33%
2 chatgpt35 chatgptd4o original 100.00% 100.00%
3 chatgpt35 llama3.3 normal 99.33% 100.00%
4 chatgpt35 llama3.3 original 100.00% 100.00%
5 chatgptdo chatgptdo normal 90.00% 97.33%
6 chatgptdo chatgptdo original 100.00% 100.00%
7 chatgptdo llama3.3 normal 98.00% 99.33%
8 chatgptdo llama3.3 original 96.67% 99.33%
Mean 97.16% 99.42%

Table 11: Mean Accuracy for QA Search vs. QA Search + RAG for Document Set it-tech-doc

Test Case ID  Model for QA Model for An- Question Type Mean Accu. Mean Accu.

Generation swer Genera- QA Search QA Search +
tion RAG

1 chatgpt35 chatgpt4o normal 61.62% 91.92%
2 chatgpt35 chatgptdo original 75.76% 97.98%
3 chatgpt35 llama3.3 normal 71.72% 96.97%
4 chatgpt35 llama3.3 original 75.25% 96.97%
5 chatgptdo chatgpt4o normal 79.33% 94.00%
6 chatgptdo chatgptdo original 100.00% 100.00%
7 chatgptdo llama3.3 normal 99.33% 99.33%
8 chatgptdo llama3.3 original 100.00% 100.00%
Mean 82.88% 97.15%

Table 12: Mean Accuracy for QA Search vs. QA Search + RAG for Document Set financial-news
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D.2.1 Evaluation Results for Time and Resource Consumption

Table 13 and 15 list average elapsed time per user query, as well as GPU, CPU, and memory consumption
for the RAG approach for document sets it-tech-doc and financial-news, while Table 14 and 16 show the
same metrics for the QA Search approach.

Test Model Chunk If Model Mean Mean Mean Mean
CaseID for QA Size Rerank for An- GPU Memory CPU Elapsed

Genera- swer (MB) (MB) Usage Time

tion Genera- (%) (sec-

tion onds/question)

1 chatgpt35 200 TRUE chatgptdo  899.00 1,439.47 6.67% 9.64
2 chatgpt35 200 FALSE  chatgpt4o  899.00 1,453.43 6.00% 9.65
3 chatgpt35 400 TRUE chatgpt4do  899.00 1,694.90 4.00% 9.84
4 chatgpt35 400 FALSE  chatgptdo  899.00 1,696.27 4.67% 9.93
5 chatgpt35 200 TRUE llama3.3 899.00 1,772.40 8.67% 13.76
6 chatgpt35 200 FALSE  llama3.3 899.00 1,772.99 6.67% 12.57
7 chatgpt35 400 TRUE llama3.3 899.00 1,904.79 6.00% 15.38
8 chatgpt35 400 FALSE  llama3.3 899.00 1,672.34 4.67% 15.64
9 chatgpt4o 200 TRUE chatgpt4do  899.00 1,787.59 8.67% 9.44
10 chatgptdo 200 FALSE  chatgpt4o  899.00 1,729.71 6.00% 9.47
11 chatgptdo 400 TRUE chatgpt4do  899.00 1,799.73 7.33% 9.82
12 chatgptdo 400 FALSE  chatgpt4o  899.00 1,800.57 2.67% 9.63
13 chatgptdo 200 TRUE llama3.3 899.00 1,860.98 3.33% 11.87
14 chatgptdo 200 FALSE  llama3.3 899.00 1,861.81 7.33% 11.79
15 chatgptdo 400 TRUE llama3.3 899.00 1,803.70 7.33% 14.17
16 chatgptdo 400 FALSE  llama3.3 899.00 1,804.46 4.67% 14.25
Mean 899.00 1,740.95 5.92% 11.68

Table 13: Mean Resource & Time Consumption for RAG for Document Set it-tech-doc

Test Case Model for Model for Mean GPU Mean Mem- Mean CPU Mean

ID QA Genera- QA Search (MB) ory (MB) Usage (%) Elapsed

tion Time (sec-
onds/question)

1 chatgpt35 chatgptdo 6.00 160.29 3.36% 0.72
2 chatgpt35 llama3.3 6.00 160.60 1.34% 1.66
3 chatgptdo chatgptdo 6.00 161.02 1.00% 0.58
4 chatgptdo llama3.3 6.00 161.68 2.67% 0.27
Mean 6.00 160.90 2.09% 0.81

Table 14: Mean Resource & Time Consumption for QA Search for Document Set it-tech-doc
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Test Model Chunk If Model Mean Mean Mean Mean

CaseID for QA Size Rerank for An- GPU Memory CPU Elapsed
Genera- swer (MB) (MB) Usage Time
tion Genera- (%) (sec-

tion onds/question)

1 chatgpt35 200 TRUE chatgptdo  899.00 1,973.38 6.98% 9.44

2 chatgpt35 200 FALSE  chatgpt4o  899.00 1,974.33 3.88% 9.31

3 chatgpt35 400 TRUE chatgptdo  899.00 1,832.66 5.43% 9.42

4 chatgpt35 400 FALSE  chatgpt4o  899.00 1,833.28 3.10% 9.46

5 chatgpt35 200 TRUE Ilama3.3 899.00 1,870.54 3.10% 12.77

6 chatgpt35 200 FALSE llama3.3 899.00 1,871.24 6.20% 12.07

7 chatgpt35 400 TRUE llama3.3 899.00 1,983.69 5.43% 13.44

8 chatgpt35 400 FALSE llama3.3 899.00 1,984.38 7.75% 12.77

9 chatgptdo 200 TRUE chatgptdo  899.00 1,857.77 5.33% 9.31

10 chatgptdo 200 FALSE  chatgpt4o  899.00 1,858.87 11.33% 9.29

11 chatgptdo 400 TRUE chatgptdo  899.00 1,771.13 3.33% 9.38

12 chatgptdo 400 FALSE  chatgpt4do  899.00 1,688.79 4.00% 9.38

13 chatgptdo 200 TRUE Ilama3.3 899.00 1,857.64 10.00% 11.79

14 chatgptdo 200 FALSE llama3.3 899.00 1,846.05 4.00% 11.77

15 chatgptdo 400 TRUE llama3.3 899.00 1,814.63 8.67% 12.61

16 chatgptdo 400 FALSE llama3.3 899.00 1,815.73 4.67% 12.62

Mean 899.00 1,864.63 5.82% 10.93

Table 15: Mean Resource & Time Consumption for RAG for Document Set financial-news

Test Case Model for Model for Mean GPU Mean Mem- Mean CPU Mean

ID QA Genera- QA Search (MB) ory (MB) Usage (%) Elapsed
tion Time (sec-
onds/question)
1 chatgpt35 chatgptdo 6.00 162.10 2.00% 0.95
2 chatgpt35 chatgptdo 6.00 162.44 2.00% 0.58
3 chatgpt35 llama3.3 6.00 162.61 2.00% 0.98
4 chatgpt35 llama3.3 6.00 162.61 2.00% 0.41
Mean 6.00 162.44 2.00% 0.73

Table 16: Mean Resource & Time Consumption for QA Search for Document Set financial-news
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