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Abstract

Conversational question answering increas-
ingly relies on retrieval-augmented genera-
tion (RAG) to ground large language models
(LLMs) in external knowledge. Yet, most ex-
isting studies evaluate RAG methods in iso-
lation and primarily focus on single-turn set-
tings. This paper addresses the lack of a sys-
tematic comparison of RAG methods for multi-
turn conversational QA, where dialogue his-
tory, coreference, and shifting user intent sub-
stantially complicate retrieval. We present a
comprehensive empirical study of vanilla and
advanced RAG methods across eight diverse
conversational QA datasets spanning multiple
domains. Using a unified experimental setup,
we evaluate retrieval quality and answer gener-
ation using generator and retrieval metrics, and
analyze how performance evolves across con-
versation turns. Our results show that robust
yet straightforward methods, such as rerank-
ing, hybrid BM25, and HyDE, consistently out-
perform vanilla RAG. In contrast, several ad-
vanced techniques fail to yield gains and can
even degrade performance below the No-RAG
baseline. We further demonstrate that dataset
characteristics and dialogue length strongly in-
fluence retrieval effectiveness, explaining why
no single RAG strategy dominates across set-
tings. Overall, our findings indicate that ef-
fective conversational RAG depends less on
method complexity than on alignment between
the retrieval strategy and the dataset structure.
We publish the code used.!

1 Introduction

Conversational search, the task of satisfying in-
formation needs through multi-turn dialogue, has
gained significant traction due to recent advances
in LLMs (Mo et al., 2025). The field is shifting
from traditional keyword-based queries to conver-
sational search, characterized by multi-turn natural-
language interactions that capture complex and
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Figure 1: Conversational Search Problem. One sample
from the INSCIT dataset (Wu et al., 2023).

evolving information needs (Mo et al., 2025; Pray-
itno et al., 2025). To support these interactions,
RAG has emerged as the de facto standard (Lewis
et al., 2020; Huang and Huang, 2024; Nikishina
et al., 2025). By retrieving external evidence from
vector databases, RAG mitigates hallucinations and
ensures responses are factually grounded and up-
to-date (Shuster et al., 2021; Sahoo et al., 2024).

While RAG is well established for single-turn
Question Answering (QA), effectively integrating
external knowledge into multi-turn conversations
introduces significant complexity. In this setting,
the system must maintain context across the dia-
logue history, resolving coreference and handling
implicit queries when information is omitted (e.g.,
ellipsis). Consequently, retrieval effectiveness can
vary widely depending on the system’s ability to
track dialogue history, resolve ambiguity, and adapt
to shifting user intent across turns (Saha Roy et al.,
2025; Chang et al., 2025; Zhang et al., 2025a). Al-
though the literature reports a rapid evolution of
advanced RAG architectures (Gao et al., 2023b;
Huang and Huang, 2024) and optimization strate-
gies (Gao et al., 2021, 2023a), these methods are
typically evaluated in isolation (Yu et al., 2025).
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Currently, the field lacks a comprehensive
overview of RAG strategies for conversational set-
tings. Existing studies often utilize only vanilla
RAG (Liu et al., 2024; Xu et al., 2025), lacking
SOTA retrieval metrics, limiting reproducibility,
and practical insights for RAG in production sys-
tems. Furthermore, the interplay between retrieval
performance and the depth of the conversation,
specifically how performance degrades or changes
as the dialogue progresses, remains underexplored.

To address this gap, we present an empirical
analysis of RAG methods for conversational QA.
Our contributions are as follows:

* We provide a unified comparison of vanilla
RAG and six advanced RAG methods under
a reliable evaluation on eight conversational
QA datasets.

* We further analyze the influence of the posi-
tion of the conversational turn on retrieval
performance.

2 Related Work

LLMs and Conversational QA. Adapting
LLM:s for Conversational QA is typically achieved
via fine-tuning a pre-trained model or by incorpo-
rating external context via RAG (Dhabalia et al.,
2025). Instruction tuning, which aligns pre-trained
LLMs with conversational instructions, has become
a foundational approach (Zhang et al., 2025b).
These models have been successfully adapted for
diverse domains, ranging from general knowl-
edge (Yang et al., 2018; Joshi et al., 2017) to spe-
cialized fields such as medicine (Li et al., 2023;
Prayitno et al., 2025) and law (Wu and Ma, 2025).
Fine-tuning strategies often involve training on
human-rewritten queries (Mo et al., 2023) or con-
verting multi-turn interactions into single-turn prob-
lems (Ye et al., 2023).

RAG and Conversational QA. Conversational
QA benefits significantly from RAG (Lewis et al.,
2020), which integrates additional context by re-
trieving semantically similar documents from a vec-
tor database. Recent work has enhanced this pro-
cess by incorporating meta-information (Saha Roy
et al., 2025) and query rewriting to facilitate accu-
rate generation (Mo et al., 2023). Further advance-
ments include self-check mechanisms, in which
the model assesses the correctness of its own an-
swers (Ye et al., 2024), and learning policies that
determine when and what to retrieve (Roy et al.,

2024). Beyond these conversation-specific adapta-
tions, the broader RAG landscape offers numerous
state-of-the-art methodologies (Gao et al., 2023b;
Huang and Huang, 2024) that hold potential for this
domain. However, existing research often focuses
on the end-to-end performance of one method,
rather than comparing promising methods from the
literature (Gao et al., 2021; Tito et al., 2021; Gao
et al., 2023a). Consequently, this work presents
a comprehensive comparison of these advanced
retrieval strategies within conversational QA.

Conversational QA Datasets. Conversational
QA has evolved from single-turn tasks (e.g.,
SQuAD (Rajpurkar et al., 2016)) to complex
multi-turn settings.  While datasets such as
HotPotQA (Yang et al., 2018) and 2WikiMulti-
HopQA (Ho et al., 2020) emphasize multi-hop
reasoning, contemporary benchmarks have shifted
their focus toward retrieval and conversational fi-
delity. PopQA (Mallen et al., 2023) addresses long-
tail knowledge retrieval, while ChatQA (Liu et al.,
2024) and ChatQA-2 (Xu et al., 2025) establish a
new standard for conversational QA by evaluating
models on their ability to reason over retrieved evi-
dence within fluid, multi-turn dialogues. Building
on this foundation, we leverage the ChatQA (Liu
et al., 2024) dataset to systematically analyze how
distinct RAG strategies perform across different
knowledge domains.

3 RAG Methods

Without RAG. We establish two reference
points: No RAG, which sends queries directly to the
LLM using only the conversation history, and Ora-
cle Context, which provides ground-truth contexts.
No RAG measures the LLM’s internal capabilities
through pretraining and sets dataset-specific base-
lines, whereas Oracle Context simulates perfect
retrieval to define a ceiling for the generator.

Basic RAG Methods. This category comprises
methods that retrieve documents using standard
embedding-based retrieval techniques. The Base
RAG approach follows the original RAG frame-
work (Lewis et al., 2020), in which only the in-
put query is embedded to retrieve the top-k docu-
ments, which are then passed unchanged to the
generator. As a purely lexical baseline, Stan-
dard BM25 (Robertson and Zaragoza, 2009) ranks
documents based on term-frequency and inverse
document-frequency statistics, relying on keyword



overlap between the query and documents. Hybrid
BM?25 (Gao et al., 2021) combines sparse BM25
retrieval with dense vector retrieval, leveraging the
complementary strengths of lexical and semantic
matching to improve recall and relevance. Finally,
the Reranker method (Glass et al., 2022) applies a
cross-encoder after initial retrieval to reorder doc-
uments according to their significance in a shared
embedding space.

Advanced RAG Methods. This category encom-
passes methods that enhance retrieval through ei-
ther preprocessing or postprocessing strategies.
Preprocessing methods modify the input query to
improve retrieval quality. The HyDE method (Gao
et al., 2023a) generates hypothetical answers for
each query and uses them as refined queries to re-
trieve more relevant documents. In contrast, Query
Rewriting (Ye et al., 2023) reformulates the origi-
nal query to better align with the target document
distribution. Postprocessing methods operate on re-
trieved contexts to improve their usefulness for gen-
eration. Summarization reduces contextual noise
by condensing each retrieved document using an
LLM, focusing on salient information. SumCon-
text applies a similar summarization step while re-
taining the original full documents for generation,
aiming to reduce distractions while preserving con-
tent fidelity. Finally, the HyDE Reranker performs
post-retrieval reranking by leveraging hypotheti-
cal answer generation to reorder initially retrieved
documents based on semantic alignment.

4 Datasets

For our evaluation, we use ChatRAG-Bench (Liu
et al., 2024), a benchmark comprising 10 conver-
sational QA datasets covering diverse topics and
formats. We select eight of these subsets for our
experiments, as detailed in Table 1. We exclude
HybridDial (Nakamura et al., 2022) due to the lack
of annotated ground-truth contexts, which renders
accurate retriever evaluation infeasible. Addition-
ally, we omit ConvFinQA (Chen et al., 2022) be-
cause the answers primarily consist of numerical
results derived from simple arithmetic operations,
making the F1 score an unreliable metric for per-
formance. The remaining eight subsets contain
question-context-answer triples, enabling the inde-
pendent evaluation of both retriever and generator
components. Data preprocessing involved normal-
izing datasets from Hugging Face to a standardized
format: we serialized multi-turn dialogues into a

linear text format and removed formatting artifacts
from context passages. We describe each dataset in
detail below.

Sequential Question Answering (SQA) SQA
(Iyyer et al., 2017) is a conversational dataset
that focuses on a QA dialogue regarding semi-
structured, Wikipedia tables. The aim was to de-
compose long, complex questions into sequences
of small, easy-to-answer sub-questions. WikiTable-
Questions (Ho et al., 2020) was used to source the
original questions, filtering out those that required
arithmetic or could not be answered directly from
table cells.

Question Answering in Context (QuAC) The
QuAC (Choi et al., 2018) dataset focuses on QA-
based conversations between a teacher and a stu-
dent regarding a Wikipedia article about an entity.
The student knows only the article title, whereas
the teacher has full access; instead of answering
the question in free text, they can only reply with
a text excerpt. The interaction continues until one
of three outcomes is reached: 12 questions have
been answered, two questions remain unanswered,
or either the student or the teacher decides to end
the dialogue.

Conversations Question Answering (CoQA)
Reddy et al. (2019) introduced the CoQA dataset to
include diverse data sources, such as children’s lit-
erature, school exams, and news, as well as casual-
sounding speech, in which questions often refer
to the dialogue history and answers are direct and
without explanation. Each question may have mul-
tiple correct answers to account for grammatical
or formatting differences. The evaluation is per-
formed between the generated answer and each
reference answer, and only the reference with the
highest F1 score is selected.

Domain-specific Question Answering (DoQA)
DoQA (Campos et al., 2020) is a dataset built upon
a continuous dialogue between a user and a do-
main expert relating to a specific topic, in this
case cooking, travel, or movie forums on Stack
Exchange. DoQA aimed for a more natural con-
versation, based more on follow-up questions than
clunky factoids, and, similar to CoQA, there are
four correct answers for each question.

Doc2Dial Doc2Dial (Feng et al., 2020), a dataset
consisting of dialogues between a user and an agent
on topics related to social welfare in the United



# Contexts # QA Pairs ‘ Ctx/Q Ratio

Avg. Tokens

Subset Source

‘ Question Answer Context
QuAC Wikipedia 26,315 7,350 3.58 8.81 1991 511.42
SQA Wikipedia 185 3,010 0.06 10.69 37.26  453.83
QReCC Wikipedia 19,275 2,790 6.91 8.12 28.16  505.52
TopiOCQA Wikipedia 169,231 2,510 67.42 9.12 17.30 97.12
Doc2Dial Social Welfare 1,238 3,940 0.31 12.52 2277  350.38
DoQA StackExchange 395 1,790 0.22 13.16 19.00 145.50
CoQA Mixed 499 7,980 0.06 7.69 443 329.38
INSCIT Mixed 29,497 502 58.76 12.23 4532  101.17
Total | W. Avg Multiple 246,635 29,872 8.25 9.47 18.82  175.81

Table 1: Summary of the QA datasets, including source, number of contexts and QA pairs, context-to-question ratio,
and average token lengths for questions, answers, and contexts. Weighted averages are computed across all subsets,
using the number of QA pairs and contexts. Avg. token count based on Llama 3.3 tokenizer.

States as found on ssa.gov and va.gov. To showcase
both dialogue- and document-based contexts, the
conversations were sorted into three different cate-
gories: D1, containing multiple questions relating
to the given context, D2, in which the conversation
revolves around one central inquiry with clarifying
questions carried out by the agent, and D3, with
questions that are irrelevant to the context.

Question Rewriting in Conversational Context
(QReCC) The QReCC (Ye et al., 2023) dataset
incorporates questions from pre-existing datasets,
including QuAC, and includes information sourced
from the Common Crawl and web searches. Ques-
tion rewriting was also used to "fix" any inquiries
that had references to the conversation history,
thereby preserving the natural-sounding sentence
structure while removing ambiguity. These meth-
ods involve replacing pronouns with their explicit
referent, inserting the referenced entity into the
query itself, and removing any unnecessary words.

Topic switching in Open-domain Conversational
Question Answering (TopiOCQA) TopiOCQA
(Adlakha et al., 2022) focuses on topic switching
during a free-form conversation between a ques-
tioner and an answerer. The answerer is granted
full access to links within the relevant Wikipedia
article. In contrast, the questioner may only view
the metadata and adjust their inquiries accord-
ingly. The questions were divided into general
open-ended questions, inquiries about specific enti-
ties, and requests for further details. The answers
were unrestricted and free-form, facilitating topic
switches every 3-4 questions and enabling handling
of changing contexts and long-term reasoning.

Information-Seeking Conversations with Mixed-
Initiative Interactions (INSCIT) Wu et al.
(2023) proposed INSCIT, an information-seeking
dataset that would use a variety of interactions be-
tween a user and an agent to challenge hard-to-
answer questions regarding Wikipedia passages. It
aimed to provide answer structures, categorizing
them into: Direct answers, with the agent provid-
ing what they believe is the correct answer, Rele-
vant answers, which inform the user of relevant
information regarding the query, Clarifications,
which prompt the user for further information, and
No information, if not relevant answer is found.

4.1 Dataset Statistics

In total, our analysis encompasses over 29,000
QA pairs and more than 245,000 distinct contexts
across multiple domains. As shown in Table 1,
the datasets exhibit significant structural variation.
The ratio of context tokens to query tokens varies
considerably across the different subsets, whereas
the average question length remains relatively bal-
anced (7-12 tokens). In contrast, answer and con-
text lengths exhibit substantial variance: average
answer lengths range from 4 tokens (CoQA) to 45
tokens (INSCIT), whereas average context lengths
range from approximately 100 to 500 tokens. Ta-
ble 1 presents the answer lengths, which vary con-
siderably, ranging from the more concise answers
in the CoQA dataset to the lengthier explanations
in INSCIT, which were already accounted for in
the system prompts. While longer contexts risk
containing more distracting content and reducing
generator performance, shorter contexts can be dis-
advantageous if they do not provide sufficient con-
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achieved by No RAG method, which retrieves no contexts, whereas the maximum is achieved by the Oracle Context

method, which directly uses the gold label context.

text. A larger number of total contexts, as in the
QuAC, INSCIT, and TopiOCQA datasets, could
complicate or delay context retrieval.

4.2 Dataset Analysis

To assess whether the datasets are suitable for
analysis and whether they theoretically benefit
from RAG, we conducted a pre-study in which
we queried each dataset with the model using no in-
formation and with all information about the query.
We evaluate two control settings to disentangle pre-
trained knowledge from the effect of context: No
RAG, which queries the LLM without external con-
text, and Oracle Context, which provides only the
ground-truth context and serves as an upper bound,
as shown in Figure 2. We define the Oracle Context
setup as the upper bound of the model, given the
generator’s ability to answer the question using the
golden context. In contrast, the lower bound is the
LLM’s performance without any context, indepen-
dent of the pre-trained model’s knowledge.

For most datasets, the ceiling F1 remains below
40%, with overall values around 15-20%, indicat-
ing room for improvements through retriever meth-
ods alongside additional performance bottlenecks.
CoQA and SQA exhibit wider F1 ranges, facili-
tating more precise comparisons between retrieval
methods. Furthermore, except for QReCC and Top-
iOCQA, the LLM displays comparable internal
knowledge across datasets. Because LLMs are
trained on public data, the No RAG setting provides
a valuable proxy for assessing overlap between the
dataset and pre-training or fine-tuning data.

5 Evaluation and Results

This section outlines the experiments we conducted
to investigate the effect of RAG methods on multi-
domain conversational QA. Firstly, we describe the
experimental setups, prompt design, and evalua-
tion metrics used in the assessment in Sections 5.1
to 5.3. This is followed by discussing the results
for the retriever and generator, and followed by the
analysis of the relation of retriever and generator
performance in Sections 5.4 to 5.6. We further ana-
lyze the effect of the conversation turn and discuss
the results in Sections 5.7 and 5.8.

5.1 Experimental Setup

We evaluated all advanced RAG methods across
all eight datasets using the EncouRAGe (Strich
et al., 2025) library with the Llama 3 8B Instruct
model (Grattafiori et al., 2024), selected for its
strong language understanding and manageable
computational requirements. Additionally, the re-
sults of Gemma 3 27b (Kamath et al., 2025) were
added in the camera-ready version in Appendix B
and align with all results. Key parameters were
set to ensure reproducibility and efficiency: tem-
perature = 0, maximum output length = 1000 to-
kens, and context length = 40,000 tokens. We con-
ducted multiple runs for each method but observed
only negligible differences across runs, so we re-
ported results for only one run per method and
dataset. Inference was performed on an NVIDIA
RTX A6000 GPU with 48 GB of memory. En-
couRAGe (Strich et al., 2025) facilitated dataset
and RAG method management, integrating vLLM



| QuAC | SQA | QReCC | TopiOCQA | Doc2Dial | DoQA | CoQA | INSCIT
RAG Method ‘ Wikipedia ‘ Social Welfare ‘ StackExchange ‘ Mixed

| MRR Fl |MRR Fl |MRR Fl |[MRR Fl [MRR FlI |[MRR Fl | MRR Fl |MRR FI
No RAG - 190] - 251 - 359 - 342 - 21.1 - 21.6 - 289] - 205
Oracle Context 100 38.0| 100 69.6| 100 541 | 100 59.0 100 370 | 100 382 100 839 | 100 372
Vanilla RAG 353 254 66.1 438 366 365 | 87 339 | 490 263 | 920 362 || 725 583 | 80 192
Hybrid BM25 4.6 275| 538 456 | 374 374 | 94 3401 51.0 277 | 848 369 | 766 673 | 81 19.1
Reranker 416 292| 71.0 513 | 353 360 | 98 342 540 287 | 931 367 | 789 747 | 95 19.1
Query Rewriting 353 208 | 66.1 381 | 364 325| 87 269 490 216 | 920 276 || 724 475 80 167
HyDE 420 262 | 653 38.0| 49.0 422 | 251 435 | 575 287 | 909 354 | 86.6 713 | 252 259
HyDE + Reranker 305 254 616 384 | 375 370 | 146 376 | 480 264 | 852 347 || 582 530 139 220
Summarization 386 243 | 57.8 349 | 383 392 | 61 279 | 443 256 | 845 294 | 676 486 | 74 184
SumContext 377 263 | 577 351|400 37.1| 67 275 449 267 | 853 354 || 68.0 627 | 74 185

Table 2: Overall performance (MRR @5 and F1) of RAG methods on all eight conversational QA datasets. MRR @5
is used for retrieval performance and F1 for the generator. Bold values indicate the maximum for each column.

(Kwon et al., 2023) for efficient batched inference
and MLflow for experiment tracking. External con-
texts were stored in the Chroma vector database
(Chroma Team, 2025) using Sentence Transform-
ers all-MiniLM-L6-v2 (Reimers and Gurevych,
2020) embeddings and Cosine Similarity for se-
mantic relevance, ensuring efficient retrieval and
evaluation across all methods and datasets.

5.2 Prompt Design

Our prompt strategy relies on a consistent zero-shot
template, following ChatQA (Liu et al., 2024). The
general system prompt instructs the model to prior-
itize retrieved context and dialogue history, strictly
avoiding reliance on internal knowledge to reduce
hallucinations. Variations in the prompt were lim-
ited to formatting constraints (e.g., extraction vs.
generation) to match specific dataset targets; the
full set of dataset-specific prompt templates is pro-
vided in Appendix A.

5.3 Evaluation Metrics

For generators, we considered using F1, with F1
adopted as the primary metric to align with prior
ChatRAG-Bench studies (Liu et al., 2024). We
selected the F1 Score from the SQuAD paper (Ra-
jpurkar et al., 2016) to balance token-level pre-
cision and recall, and, for datasets with multiple
valid answers, we used the maximum score across
references. Retriever performance was assessed us-
ing Recall@Fk, indicating whether the ground-truth
context appears in the top-k retrievals, and Mean
Reciprocal Rank (MRR) (Kantor and Voorhees,
2000) for k = 5, which emphasizes correct con-
texts ranked higher. These metrics together capture
both the accuracy and ranking quality of retrieval,
facilitating fair comparison across RAG methods.

5.4 Retrieval Results

Table 2 presents the results of the generator and
retriever for each of the RAG methods. We also
report Recall@ / and Recall@5 for each approach
in Appendix C. In terms of MRR @5 performance,
for all datasets except for SQA (Iyyer et al., 2017)
and DoQA (Campos et al., 2020), the combination
of sparse and dense encoders in Hybrid BM25 leads
to better results than Vanilla RAG. This effect is
also visible for the Reranker.

Among the advanced RAG methods, HyDE
ranks clearly ahead, achieving the best performance
on five of eight datasets. It is important to highlight
that for INSCIT, HyDE triples the performance
of Vanilla RAG. The two summarization methods
yielded poor retrievals, suggesting that summariza-
tion may remove crucial contextual information.
Dataset-wise, the MRR @5 values were highest in
the DoQA and CoQA datasets and were signifi-
cantly lower in INSCIT and TopiOCQA, which are
analyzed further in Section 5.7.

5.5 Generator Results

Table 2 shows that Hybrid BM25 consistently
achieves slightly higher F1 scores than Vanilla RAG
across all datasets. Consistent with the retriever re-
sults, HyDE emerges as the strongest approach,
attaining the highest performance on four of the
eight datasets and highlighting its effectiveness for
conversational QA. This advantage is particularly
evident on TopiOCQA, where HyDE improves the
F1 score by 9.6% over Vanilla RAG. In contrast, the
performance of Query Rewriting is highly dataset-
dependent and falls substantially below No RAG
on the INSCIT, QReCC, and TopiOCQA datasets,
where MRR scores are also below average. This
may point to differences in conversational struc-
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Figure 3: Relationship between retriever (MRR@5) and generator (F1) performance for each dataset and method.

ture, such as larger topic shifts or longer depen-
dency chains, that render these datasets less effec-
tive for this method. Finally, for summarization
methods, incorporating the original conversational
context yields only marginal improvements except
for DoQA and CoQA.

5.6 Relationship of Retriever and Generator

Figure 3 illustrates the relationship between re-
trieval and generation, with a fitted linear regres-
sion line summarizing the overall performance
trend. Overall, F1 and MRR are positively cor-
related, indicating that stronger retrieval generally
leads to higher answer quality, particularly on IN-
SCIT, TopiOCQA, CoQA, and SQA, where HyDE
and HyDE Ranker follow this trend. For CoQA and
SQA, Reranker appears to perform best, yielding
the highest overall results on these datasets.

In contrast, QUAC and Doc2Dial show only
marginal differences across methods, and the cor-
relation is weaker. This disconnect is most pro-
nounced for DoQA, where MRR exceeds 90% but
F1 remains below 40%, highlighting that strong
retrieval does not necessarily translate into strong
generation.

Furthermore, Spearman’s p in Table 3 illustrates
that most datasets have a relatively high correlation
between the F1 and MRR values. The only excep-
tions being SQA and DoQA, which show weak
or even negative correlations, suggesting that the
two metrics capture different aspects of method
performance.

These differences can be attributed to dataset spe-
cific problems, particularly relating to variations in
answer formats. Answer conciseness is associated

with overall high F1 scores, particularly when com-
paring CoQA’s short responses against QReCC and
INSCIT’s longer, more in-depth answers, which
are more challenging to match.

Subset p
QuAC 0.620
SQA 0.383
QReCC 0.857
TopiOCQA | 0.874
Doc2Dial 0.687
DoQA -0.157
CoQA 0.762
INSCIT 0.788

Table 3: Illustration of the Spearman’s rank correlation
coefficient (p), calculated for the F1 and MRR values
for each dataset.

The answer content can also heavily influence
the performance, such as the social welfare an-
swers of Doc2Dial, which rely on specific case de-
tails (user eligibility, personal details) and predeter-
mined scripts, with many answers taking the form
of follow-up questions requesting further informa-
tion. Similarly, the forum-based DoQA dataset
contains many informal responses in which respon-
dents draw on personal knowledge rather than re-
lying solely on the provided context. Additionally,
the sensitive nature of certain DoQA queries leads
to the generator refusing to respond, on the grounds
that it cannot provide legal advice or discuss topics
relating to violence or weaponry.
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5.7 Ablation Study

To further understand the effect of RAG on con-
versational QA, we examine retrieval performance
across conversational turns in Figure 4. We com-
pute MRR and F1 Score by turn position to identify
trends in retrieval performance and present the F1
results in Appendix D. We find mixed results for
all eight datasets. It is expected that INSCIT and
TopiOCQA exhibit low performance that steadily
decreases with the number of turns, primarily due
to the high Ctx/Q ratio, as shown in Table 1. This
generally leads to low retrieval performance, and
both datasets are designed to support topic and in-
teraction entity switching.

In contrast, CoQA and SQA benefit from more
context and improve performance with each turn,
indicating that, when the context is consistent,
more information leads to better retrieval perfor-
mance. We found in addition that for QReCC,
QuAC, DoQA, and Doc2Dial, all datasets seem
to show no difference regarding the number of con-
versational turns til turn 5. There, we find that
QReCC and QuAC show performance decreases
that warrant further investigation in future work.

Overall, the results suggested that when the con-
text is consistent, retrieving it from the entire con-
versation is beneficial; however, when questions
are topic-switching or when other entities are inter-
acting, this approach can decrease retrieval perfor-
mance. We therefore recommend that calculating
the similarity between queries and conversational
histories can benefit retrieval performance.

5.8 Discussion

This section examines whether conclusive find-
ings were obtained and, if so, how they could
inform future studies in Conversational QA or
RAG. We showed in our preliminary analysis that
adding ground-truth context boosted performance
by 15-50%, providing a ceiling for RAG meth-
ods and a baseline for weaker ones. About half of
the RAG methods performed on par with No RAG,
showing that inefficient pipelines either retrieve ir-
relevant contexts or fail to rank the ground-truth
context highly enough.

As observed in the experiments, the results var-
ied considerably across datasets and RAG methods,
making it difficult to draw a unified conclusion. For
F1, the top three methods were Reranker (Glass
et al., 2022), Hybrid BM25 (Gao et al., 2021), and
HyDE (Gao et al., 2023a), respectively, indicating
that Vanilla RAG (Lewis et al., 2020) was clearly
outperformed across all datasets. Therefore, in
one respect, the two advanced methods are recom-
mended as superior alternatives in terms of perfor-
mance.

In contrast, it is essential to examine how the
advanced RAG methods affect computational com-
plexity and runtime overhead relative to Vanilla
RAG. To calculate relevance scores, Reranker re-
trieves a larger number of candidate contexts,
which are then passed through a cross-encoder.
On the other hand, Hybrid BM25 adds a sparse
retrieval function to the existing dense retrieval.
Overall, although both methods are computation-
ally simple, the experiment runs indicate that the
double-retrieval process and score calculation of



Hybrid BM25 result in slightly longer runtimes.
While Vanilla RAG does not achieve the highest
overall performance, its high F1 scores and straight-
forward implementation make it a worthwhile base-
line. Since the advanced methods do not deviate
substantially from the baseline computationally,
they also provide a valuable reference for estimat-
ing the potential performance of other advanced
RAG methods.

When examining the impact of dataset character-
istics, the preliminary analysis revealed a substan-
tial difference in the model’s internal knowledge of
specific dataset topics or formats. This is evident in
the F1 range difference between Doc2Dial (Feng
et al., 2020), centered on specialized, open-ended
questions in comparison to the factoid-style ques-
tions of CoQA (Reddy et al., 2019). The total num-
ber of contexts significantly affected the retriever’s
performance by reducing the likelihood of finding
the correct context.

6 Conclusion

In this paper, we presented a systematic empiri-
cal study of vanilla and advanced RAG methods
across eight multi-turn conversational QA datasets.
Our evaluation, which accounted for both retriever
effectiveness and generator quality, revealed that
robust yet straightforward techniques, such as
Reranker and Hybrid BM25, consistently outper-
form Vanilla RAG across all evaluated domains.
Among the advanced techniques studied, the HyDE
method proved the most effective for enhancing
retrieval performance, whereas the Reranker ap-
proach was most successful at improving final
answer quality. For future research, the results
highlight that performance improvements can be
achieved without inflating the computational com-
plexity, emphasizing the need to prioritize retrieval
strategies over resource-intensive scaling.
Furthermore, our analysis of conversational turns
demonstrated that the impact of dialogue depth
varies substantially across datasets, reflecting their
distinct structures. While some settings benefit
from the accumulation of consistent dialogue his-
tory, others suffer from performance degradation as
the conversation progresses, particularly when han-
dling topic switching or shifts in user intent. These
results suggest that the effectiveness of conversa-
tional RAG is determined less by the inherent com-
plexity of the retrieval method than by the strategic
alignment between the retrieval strategy and the

dataset’s specific structural characteristics. We con-
clude that future advances in the field should prior-
itize this alignment to ensure that external knowl-
edge is integrated accurately and efficiently into
multi-turn dialogues.

Limitations

Methodological and Dataset Heterogeneity.
This study was hindered by the wide variety of
RAG methods and datasets, which required exten-
sive, dataset-specific preprocessing due to differ-
ing prompt formats, answer structures, and context
representations. This heterogeneity increased ex-
perimental complexity and limited the depth of
analysis across all method—dataset combinations.
Future work could mitigate this issue by focusing
on a smaller, more representative subset of meth-
ods and datasets, especially given the redundancy
among many RAG enhancements.

Retrieval Challenges from Large and Frag-
mented Contexts. Another limitation arises from
the large number of contexts per query, which
makes retrieving the ground-truth passage difficult,
particularly for TopiOCQA, QuAC, and INSCIT.
This issue could be addressed by grouping contexts
during pre-processing using metadata such as ti-
tles or by adopting iterative retrieval or generation
strategies that increase the likelihood of retrieving
relevant evidence and producing accurate answers.
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A Expanded Dataset Prompts

The system prompts are designed to instruct the
LLM on how best to answer the question and to em-
phasize the focus that should be placed on the pre-
vious conversation history and contexts provided,
and if they do not provide the answer then the LLM
should indicate as such, instead of relying on inter-
nal information. A segment of the prompt is used
to guide the LLM on how the answer should be
formatted whether it be multiple sentences or short
phrases.

CoQA: You are a helpful assistant who will try
to answer the following question to the best of
your abilities. Use only on the given context
and conversation history and do not use any
assumptions or external information. Make the
answers as direct as possible without using any
redundant information and without using full
sentences. Indicate if you cannot find the
answer based on the context.

Doc2Dial: You are a helpful assistant. Answer
the question strictly based on the given
context. Do not use prior knowledge, make
assumptions, or introduce any information not
present in the context. If the answer is
clearly stated, respond in a complete and
concise sentence. If the context does not
provide enough information, respond with a
relevant follow-up question to clarify the
user's intent.

DoQA: You are a helpful assistant trying to
answer the questions to the best of your
abilities. Use only the given context to answer
the question. and do not use any assumptions or
external information. Keep your answer
relevant, direct and in one sentence. Do not
explain the background, context or reasoning
behind the answer. Do not refer to the context
in your response. Indicate if you cannot find
the answer based on the context.

INSCIT: You are a helpful assistant. Answer the
question strictly based on the given context.
Do not use prior knowledge, make assumptions,
or include any information not present in the
context. Do not refer to the context in your
response. If the answer is not available, say
so clearly. Respond in one full and

complete sentence.

QReCC: You are a helpful assistant. Answer the
question strictly based on the given context.
Do not use prior knowledge, make assumptions,
or introduce any information not present in
the context. If the answer is not available,
clearly state that. Respond in a single, clear,
and complete sentence whenever possible.

INSCIT: You are a helpful assistant. Answer the
question strictly based on the given context.
Do not use prior knowledge, make assumptions,
or include any information not present in the
context. Do not refer to the context in your
response. If the answer is not available, say
so clearly. Respond in one full and

complete sentence.

QReCC: You are a helpful assistant. Answer the
question strictly based on the given context.
Do not use prior knowledge, make assumptions,
or introduce any information not present in
the context. If the answer is not available,
clearly state that. Respond in a single, clear,
and complete sentence whenever possible.

QUAC: You are a helpful assistant who will try
to answer the following question to the best of
your abilities. Use only the given context and
conversation history and do not use any
assumptions or external information. Keep your
answer short, direct and in one sentence. Do
not explain the background, context or
reasoning behind the answer. Indicate if you
cannot find the answer based on the context.

SQA: You are a helpful assistant. Use only the
given table and conversation history to answer
the question. Do not rely on outside knowledge
or make assumptions. Return the exact answer
from the table. Use brief phrases or values and
no full sentences.

TopiOCQA: You are a helpful assistant who will
try to answer the following question to the best
of your abilities. Use only the given context
and conversation history and do not use any
assumptions or external information. Make the
answers as direct as possible without using any
redundant information and without using full
sentences. Indicate if you cannot find the
answer based on the context.

Figure 5: List of the system prompts used for each dataset.




B Performance of Gemma 3 27b

| QuAC | SQA | QReCC | TopiOCQA | Doc2Dial | DoQA | CoQA | INSCIT
RAG Method ‘ Wikipedia ‘ Social Welfare ‘ StackExchange ‘ Mixed

| MRR F1 |MRR Fl |MRR FlI |[MRR Fl [MRR FI |MRR Fl |MRR Fl |MRR FI
No RAG - 218| - 301] - 315 - 252 - 21.1 - 28.5 - 172 - 138
Oracle Context 100 47.0| 100 78.6| 100 551 | 100 618 | 100 427 | 100.0 52.9 | 100 83.2| 100 366
Vanilla RAG 353 304 [ 661 510 366 315| 87 252 490 286 | 920 508 | 725 573| 8.0 147
Hybrid BM25 447 332 540 528|373 329 93 258 513 307 | 848 512 | 764 664 | 8.1 147
Reranker 437 363 | 72.6 581|349 299| 97 267 | 554 313 | 936 510 | 813 755| 96 153
Query Rewriting 354 248 66.1 467 | 365 334 87 193 490 255 | 920 378 | 726 51.6| 80 142
HyDE 315 292 635 562 | 477 47.0| 305 465 | 563 358 | 89.0 457 | 68.0 64.7| 294 269
HyDE + Reranker 248 29.0| 60.6 580 | 383 428 | 163 37.5| 462 338 | 822 475 | 462 541 | 153 20.1
Summarization 37.8 248| 635 557|394 346| 75 29| 346 236 | 853 332 | 709 389| 67 164
SumContext 377 316| 63.6 57.1| 388 436| 75 296 | 343 316 | 858 475 | 71.6 692| 70 17.0

Table 4: Overall performance (MRR @5 and F1) of RAG methods on all eight conversational QA datasets using
Gemma 3 27b (Kamath et al., 2025). MRR @5 is used for retrieval performance, and F1 for the generator. Bold
values indicate the maximum for each column.

C Recall Retrieval Performance

| QuAC | SQA | QReCC | TopiOCQA | Doc2Dial | DoQA | CoQA | INSCIT
RAG Method \ Wikipedia | Social Welfare | StackExchange | Mixed

| R@l R@5|R@l R@5|R@l R@5|R@l R@5|R@I R@5 |R@I R@5 |R@I R@5|R@I R@5
Vanilla RAG 249 526 | 582 792 | 250 560 | 54 142 ] 360 701 | 883 972 | 662 8.7 | 38 157
Hybrid BM25 287 771 | 432 763 | 251 599 | 57 163 | 351 784 | 748 984 | 624 964 | 38 16.1
Reranker 284 634 | 617 860 | 246 532 | 66 154 | 404 751 | 901 971 | 723 889 | 60 155
Query Rewriting 249 526 | 582 792 [ 250 561 | 54 142 360 700 |83 972 [ 663 817 [ 38 157
HyDE 304 607 | 566 788 | 354 719 | 184 374 | 442 784 | 877 956 | 834 905 | 163 408
HyDE + Reranker | 177 547 | 520 772 | 280 525 | 109 206 | 357 678 | 725 867 | 527 674 | 90 215
Summarization 277 566 | 492 723 | 268 589 | 40 102 | 314 651 | 806 921 || 587 79.9 | 40 133
SumContext 268 554 | 480 734 | 282 604 | 41 114 | 324 656 | 802 920 || 603 800 | 45 132

Table 5: Overall performance (R@1 and R@5) of RAG methods on all eight conversational QA datasets. Bold
values indicate the maximum for each column.



D F1 Performance Across Conversational Turns
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Figure 6: F1 performance across conversational turn for each dataset using Vanilla RAG.
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