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Abstract

Retrieval-Augmented Generation (RAG) is
widely used for question answering over well-
structured document corpora. However, a large
amount of real-world problem-solving knowl-
edge is captured in goal-oriented dialogues,
where common ground misalignment between
users and helpers gives rise to sparse, diffuse,
and dynamically refined evidence that chal-
lenges standard RAG pipelines. We propose
Structured Dialogue Refinement (SDR), a uni-
fied framework that adapts dialogue corpora
for RAG at both the retrieval and generation
stages without altering the underlying pipeline.
Specifically, SDR introduces Dual Dialogue
Querying for intent-aligned retrieval via issue-
centric and solution-centric pseudo-documents,
and Graph-Structured Dialogues coupled with
a relevance-driven subgraph selection strategy
to enable effective utilization of conversational
evidence. We further adopt a nugget-based
evaluation setup for dialogue-grounded RAG,
enabling fine-grained analysis of retrieval cov-
erage and grounded answer generation. Experi-
ments demonstrate that SDR substantially im-
proves both retrieval quality and grounded QA
performance under dialogue-specific structural
challenges.

1 Introduction

Retrieval-Augmented Generation (RAG) has be-
come a dominant paradigm for knowledge-
intensive question answering (QA), grounding
large language models (LLMs) in external evi-
dence (Lewis et al., 2020; Fan et al., 2024). While
RAG has been extensively studied on document cor-
pora, such as Wikipedia (Jin et al., 2025b), curated
knowledge bases (Guu et al., 2020), and technical
manuals (Xu et al., 2024b), a substantial portion of
real-world problem-solving knowledge is instead
captured in goal-oriented dialogues. Customer sup-
port logs, troubleshooting chats, and help forums
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Figure 1: Our task is to build a RAG pipeline over goal-
oriented dialogue evidence, an important real-world
source of troubleshooting knowledge.

contain large volumes of multi-turn interactions in
which users and domain experts collaboratively re-
fine issues and solutions (Figure 1). Utilizing such
dialogues for RAG-QA offers an opportunity to ex-
tend RAG to a complementary form of knowledge
beyond documents, but remains underexplored be-
cause dialogue data exhibit structural character-
istics that differ from those assumed by existing
document-oriented RAG methods.

A central challenge lies in how goal-oriented
dialogues express and refine information. Rather
than presenting explicit and self-contained explana-
tions, dialogues unfold through interactive problem-
solving characterized by speaker asymmetry and
resulting common ground misalignment (Sarkar
et al., 2025). Users gradually reveal situational
details, while helpers iteratively refine partial so-
lutions. This process gives rise to two structural
properties: (1) information sparsity and diffusion,
where essential issue and solution cues are scat-
tered across turns; and (2) dialogue dynamism,
where both issue descriptions and solution attempts
evolve through refinement, clarification, and cor-
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rection. These properties fundamentally challenge
standard RAG pipelines. At the retrieval stage,
surface-form similarity often fails to capture the
underlying intent of dialogues, causing relevant di-
alogues to be missed. At the generation stage, even
correctly retrieved dialogues contain interleaved,
incremental, and sometimes abandoned reasoning
steps, complicating evidence grounding. Exist-
ing RAG methods (Jimenez Gutierrez et al., 2024;
Gutiérrez et al., 2025; Jin et al., 2025a), designed
for coherent and static documents, are not equipped
to handle these structural mismatches.

We address this gap by proposing Structured Di-
alogue Refinement (SDR), a unified framework
that refines dialogue data for retrieval-augmented
QA at both stages of the RAG pipeline. Our frame-
work alleviates the structural challenges introduced
by common ground misalignment while leaving
the overall RAG architecture unchanged. Specif-
ically, in the retrieval stage, we introduce Dual
Dialogue Querying, which predicts two comple-
mentary sets of latent queries for each dialogue,
with one capturing the user’s underlying issue and
the other representing the helper’s underlying so-
lution. These queries form two pseudo-document
indices, enabling retrieval that is aligned with the
dialogue’s intent rather than its surface form. We
operationalize this refinement with a dual-indexing
and hybrid retrieval mechanism that aggregates ev-
idence across the two perspectives. Second, in the
generation stage, we introduce Graph-Structured
Dialogues, which convert original dialogues into
directed graphs that expose their internal problem-
solution structure. Each dialogue is segmented
into issue-solution units connected by refinement
or elaboration relations. To ground answers ef-
fectively, we further propose a relevance-driven
roaming strategy that selects the most pertinent
subgraphs while preserving local reasoning flow.

To support rigorous evaluation of RAG-QA
on real-world dialogue evidence, we adopt a
nugget-based evaluation methodology and apply
it to Ubuntu goal-oriented dialogues aligned with
AskUbuntu QA pairs. Following prior work on
nugget-based assessment (Thakur et al., 2025), we
decompose reference answers into minimal factual
units (nuggets) and identify dialogue evidence that
supports them. This evaluation setup bridges cu-
rated QA pairs with raw multi-turn dialogues and
enables fine-grained analysis of retrieval coverage
and grounded answer generation.

Our contributions are summarized as: (1) Struc-

tured Dialogue Refinement (SDR), a unified
framework for effective retrieval-augmented QA
over goal-oriented dialogue corpora without mod-
ifying the underlying RAG pipeline. (2) Dual Di-
alogue Querying, a refinement in the retrieval
stage that predicts issue- and solution-centric la-
tent queries and enables intent-aligned hybrid re-
trieval under sparse and diffuse surface forms.
(3) Graph-Structured Dialogues, a refinement
in the generation stage that reorganizes dialogues
into refinement-aware issue-solution graphs with
a relevance-driven roaming strategy for grounded
generation. (4) An evaluation setup for dialogue-
grounded RAG that applies nugget-based ground-
ing to analyze retrieval coverage and grounded an-
swer generation, together with experimental anal-
yses that reveal how refinements in the retrieval
and generation stage address dialogue-specific chal-
lenges.

2 Background & Motivation

2.1 Retrieval-Augmented Question Answering

Retrieval-Augmented Generation (RAG) combines
retrieval with LLMs for knowledge-intensive ques-
tion answering (Lewis et al., 2020; Fan et al., 2024).
Given a question q and a corpus C, a retriever re-
turns top-k texts D = {d1, . . . , dk}, which are ag-
gregated into a representation H = Φ(D) and used
by a generator to produce an answer â = G(q,H).
This formulation naturally decomposes RAG into
two stages: a retrieval stage that selects relevant
evidence, and a generation stage that conditions on
this evidence to produce answers.

Most RAG systems are developed for static,
well-structured document corpora, such as
Wikipedia or curated knowledge bases (Karpukhin
et al., 2020; Guu et al., 2020). These settings im-
plicitly assume that relevant evidence is explicit, lo-
calized, and topically coherent. Such assumptions
break down for dialogue data, where information
is incrementally revealed and distributed across
turns, challenging both retrieval and utilization.

2.2 Goal-Oriented Dialogues

Goal-oriented dialogues, such as troubleshooting
and customer-service interactions (Young et al.,
2013; Eric et al., 2017; Budzianowski et al., 2018),
arise from an interactive problem-solving process
between a user and a helper. A defining property
is speaker asymmetry, which leads to common
ground misalignment (Sarkar et al., 2025): users
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possess situational context, while helpers hold do-
main expertise. As illustrated in Figure 2, this
interaction gives rise to two structural properties:

Information sparsity and diffusion. Users dis-
close problem details incrementally and often in-
completely, causing essential issue cues to be
sparse and scattered across turns. Similarly, so-
lutions emerge as fragmented hints, clarifications,
or corrections rather than as a single coherent ex-
planation, making the core problem-solution pair
difficult to recover from surface text.

Dialogue dynamism: Issue refinement and so-
lution elaboration. As common ground is ne-
gotiated, both issue descriptions and solution at-
tempts evolve. Users refine the problem when ear-
lier assumptions fail, while helpers elaborate solu-
tions by adding or revising steps. This refinement-
driven evolution obscures the underlying problem-
solution structure in raw dialogue form.

These challenges have been widely recognized
in prior work. Goal-oriented dialogues have
been extensively studied for response generation
and task completion in customer support, tech-
nical forums, and assistants (Young et al., 2013;
Budzianowski et al., 2018; Dai et al., 2022). More
recent studies examine how LLMs understand, par-
ticipate in, or reason over such dialogues (Zhang
et al., 2023; Yu et al., 2023), highlighting diffi-
culties that arise from incomplete information and
common ground misalignment (Sarkar et al., 2025).
However, this line of work largely treats dialogues
as interaction targets rather than as a retrieval cor-
pus for grounding long-form question answering,
leaving open how dialogue structure affects re-
trieval and utilization in RAG pipelines.

2.3 Challenge of Building RAG on Dialogues

To illustrate these challenges, we analyze
AskUbuntu QA pairs with the Ubuntu Dialogue
Corpus (Lowe et al., 2015), retrieving the top-20
dialogues using BM25 and evaluating nugget cov-
erage and nugget support in answers generated by
Qwen2.5-72b-instruct (details in Appendix A).

Failure in the Retrieval Stage. Dialogue cues
are sparse, scattered, and often expressed indirectly
through iterative refinements, making surface sig-
nals poor proxies for underlying intent. As shown
in Figure 3(a), BM25 retrieves fewer than half of
the nuggets present in the gold dialogues, while
BGE also exhibits a substantial performance gap

Solution
Elaboration

Issue
Refinement

xxx

xxx Issue cue

Solution cue

Structural Challenges in Goal-Oriented Dialogue
(conversation truncated)

User: Of course. I'm not a noob in many respects—
just in creating icons.

Helper: OK, use the crop tool to select what you want,
then press Enter to crop it.

User: Thank you. The crop tool only gives me a square
shape. I need to crop the image along the irregular
edges in the JPG. How can I do that? 

User: I need to crop the image along irregular edges.

Helper: You could use the lasso tool to carefully select
the shape you want. 

Helper: If it’s a simple shape, you could also try the
magic wand—it may auto-select for you.

User: Oh, maybe that’s what I need: transparency.
How can I do that?

Helper: Pretty much the same process as before.

User: But how do I make the background around the
image transparent?

Helper: Use your tool of choice to select the part that
should be transparent. 

Helper: Or, select the part that should remain visible
and then invert your selection (Select > Invert).

(conversation truncated)

Figure 2: Structural challenges of goal-oriented dia-
logue. Issue cues (blue) and solution cues (green) ap-
pear sparsely and diffusely across turns, and both evolve
dynamically through issue refinement (blue arrows) and
solution elaboration (red arrows).
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Figure 3: Challenges in the retrieval and generation
stage in dialogue-based RAG. (a) Nugget coverage of
top-10 dialogues retrieved by question-based retrieval
versus gold dialogues. (b) Nugget support in generated
answers using retrieved dialogues versus oracle gold
dialogues.

at small top-k. These results highlight a signifi-
cant retrieval bottleneck that persists even before
generation.

Failure in the Generation Stage. Even when
relevant dialogues are available, interleaved refine-
ments, partial solutions, and conversational noise
complicate grounding. As shown in Figure 3(b),
oracle gold dialogues improve QA accuracy, yet
the model still uses only a fraction of the available
nuggets, exposing a fundamental generation gap
beyond retrieval.
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3 Framework Overview

Goal-oriented dialogues encode problem-solution
information in forms fundamentally different from
document corpora, creating a structural mismatch
with standard RAG pipelines. We address this
mismatch with Structured Dialogue Refinement,
a unified framework that prepares dialogue data
for retrieval-augmented QA at two complementary
stages (Figure 4).

Specifically, we perform question-agnostic, of-
fline refinement of dialogue data using two comple-
mentary representations. In the retrieval stage, each
dialogue is transformed into a representation that
explicitly captures its underlying issue and solution
signals, enabling intent-aligned retrieval despite
sparse and diffuse surface forms. In the generation
stage, dialogues are independently reorganized into
structured representations that make their internal
problem-solution reasoning flow explicit, reducing
ambiguity introduced by conversational dynamics.
Together, these two refinements prepare dialogue
data for the retrieval and generation stages of RAG
while leaving the overall pipeline unchanged.

4 Dialogue Refinement in Retrieval Stage:
Dual Dialogue Querying

Standard retrievers rely on stable lexical or se-
mantic cues, yet in goal-oriented dialogues, is-
sue and solution information emerges gradually
across turns. Due to speaker asymmetry and com-
mon ground misalignment, user questions are of-
ten aligned with issue descriptions, while relevant
evidence is expressed through solution-side refine-
ments, making a single surface-form representa-
tion insufficient for retrieval. To address this mis-
match, we predict two latent query sets for each
dialogue, capturing issue- and solution-centric per-
spectives, and index them as intent-aligned pseudo-
documents. At inference time, retrieval is per-
formed independently over the two indices and
fused via hybrid scoring, improving robustness un-
der sparse and diffuse surface forms, consistent
with prior work on query expansion and multi-view
retrieval (Nogueira et al., 2019; Gospodinov et al.,
2023).

4.1 Dual Query Construction

For each dialogue X , we predict two sets of rep-
resentative queries: Qι(X), which approximates
the underlying issue, and Qσ(X), which approx-
imates the underlying solution, using an LLM

as a query generator during offline preprocessing.
These queries abstract the dialogue’s core intent
from complementary perspectives and are aggre-
gated into two pseudo-documents:

X̃ι(X) = CONCAT
(
Qι(X)

)
, (1)

X̃σ(X) = CONCAT
(
Qσ(X)

)
. (2)

The resulting pseudo-documents X̃ι(X) and
X̃σ(X) emphasize issue-centric and solution-
centric signals, respectively, and are used to build
two retrieval indices:

C̃ι = {X̃ι(X) | X ∈ C}, (3)

C̃σ = {X̃σ(X) | X ∈ C}, (4)

with each entry linked to its source dialogue X .

4.2 Hybrid Retrieval
Given a user question q, we retrieve candidates
independently from both indices:

Dι = Retr(q, C̃ι), Dσ = Retr(q, C̃σ), (5)

map retrieved pseudo-documents back to their dia-
logues d, and fuse the two relevance scores via

s(X) = α sι(X) + (1− α) sσ(X). (6)

The top-k dialogues under s(X) form the final re-
trieved set D. By combining issue- and solution-
centric signals, dual dialogue querying captures
complementary intent cues and substantially im-
proves retrieval under dialogue-induced sparsity.

5 Dialogue Refinement in Generation
Stage: Graph-Structured Dialogues

Even when relevant dialogues are retrieved, their
conversational form complicates grounding. As dis-
cussed in Section 2.3, issue refinement by users and
solution elaboration by helpers, which are driven by
common ground misalignment, lead to sparsity, dif-
fusion, and dynamism, making it difficult for LLMs
to utilize raw dialogue text. To provide a clearer
view in the generation stage, we reorganize dia-
logues into graph-structured representations that
explicitly expose their underlying issue-solution
structure.

5.1 Graph Construction
We represent a dialogue using a directed graph,
G = (V,E), where nodes V correspond to co-
herent issue–solution units and edges E encode
refinement or elaboration relations, exposing the
dialogue’s implicit problem-solution flow.
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4. ...

Solution-focused Queries
1. “How do I use the Lasso Tool in GIMP to select

an irregular shape ...”
2. How can I auto-select an area in GIMP using the

Magic Wand Tool?
3. “How do I add an Alpha Channel in GIMP so
deletion becomes transparent?”

4. ...

Issue-Solution Pair 1
Issue: How do I crop part of an image in GIMP?

Solution: ... 

Issue-Solution Pair 2
Issue: How can I crop an object with irregular edges in GIMP?
Solution: Use the Lasso Tool to manually trace the irregular
shape. Or use the Magic Wand Tool to auto-select the region if
it is a simple shape.

Issue-Solution Pair 3
Issue: How do I make the background around the image
transparent in GIMP?
Solution: ...

Issue-Solution Pair 4
Issue: ...

1 2

3 4

Solution elaboration

Issue Refinement

Online RAG Pipeline

Question
In GIMP, how do I make part of image transparent manually? How can I make
part of the image transparent? I tried the "Color to alpha" option in GIMP, but
it's not working. I know in Photoshop you can erase the part you don't like, and
make it transparent. Does GIMP support that?

Hybrid Retrieval Strategy

Retrieval

Issue-focused Relevance:
1. Dialogue 1234: 0.8

2. Dialogue 2345: 0.78
3. Dialogue 3456: 0.69

...

Relevance
Solution-focused Relevance:
1. Dialogue 2345: 0.8

2. Dialogue 3456: 0.7
3. Dialogue 1234: 0.6

...

Final Relevance:
1. Dialogue 2345: 0.79

2. Dialogue 1234: 0.70
3. Dialogue 3456: 0.70

Graph Roaming Strategy

Dialogue 2345 Dialogue 1234

Refine

Node
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In GIMP layers can either have an alpha channel or ...
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Selected Sub-

Graph
x x-th issue-solution pair

Oh, maybe that’s what I need: transparency. How
can I do that?

Pretty much the same process as before.

Figure 4: Overview of Structured Dialogue Refinement (SDR). Retrieval-stage refinement predicts issue-centric
and solution-centric latent queries to build dual indices and enable intent-aligned hybrid retrieval. Generation-stage
refinement reorganizes retrieved dialogues into graph-structured representations of issue-solution units, and a
roaming strategy extracts coherent subgraphs for grounding.

Node extraction. We segment the dialogue into
a sequence of issue-solution pairs:

V = {v1, v2, . . . , vn}, vi = (ιi, σi), (7)

where ιi is a user-side issue expression and σi is
its associated helper-side solution attempt. Each
node condenses a localized interaction segment,
abstracting conversational noise while preserving
core semantic units. Because node extraction relies
on LLM-based segmentation, the resulting issue-
solution units may be imperfectly segmented. For
example, adjacent units may be merged, or a coher-
ent unit may be split into multiple nodes.

Edge construction. Directed edges connect
nodes when one vi updates another vj , capturing
two common relations in goal-oriented dialogues:
(1) Issue refinement: ιj modifies, extends, or cor-
rects ιi, typically when the user provides new de-
tails that narrow or adjust the original problem
description. For example, the user may first re-
port “my WiFi is not working.” and later
clarify “it only disconnects when waking
from sleep.” (2) Solution elaboration: σj aug-
ments, clarifies, or adjusts σi, often triggered when
the user seeks clarification about a previously sug-
gested step. For example, the helper may sug-
gest “check the syslog for errors.” and
the user responds “I dont know how to open

the syslog.”, prompting the helper to elaborate:
“you can open it with ’sudo journalctl -
xe’.” Nodes without any incoming or outgoing
refinement or elaboration edges naturally form iso-
lated units or subgraphs. These structures arise
when the dialogue contains topic shifts, abandoned
solution paths, or independent issue-solution seg-
ments. Our graph representation preserves these
isolated components, which later allows the gen-
eration stage to decide whether these components
contribute to a given question.

5.2 Graph Utilization

To improve robustness to imperfect segmentation
introduced during graph construction, our utiliza-
tion strategy operates on local graph neighbor-
hoods rather than relying on any single node to
capture a complete issue-solution unit perfectly.
Given a question q and a retrieved dialogue set
D = {Xi, ..., Xk}, we compute a semantic rele-
vance score for each node vi in the dialogues of
D:

r(vi | q) = sim(q, vi), vi ∈ V (X). (8)

We select the top-k highest-scoring nodes as an-
chors. Starting from each anchor node, we perform
a light roaming step through adjacent nodes linked
by refinement or elaboration edges, forming a small
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connected subgraph centered on each anchor:

H = {G(1)q , . . . ,G(k)q }. (9)

This roaming step allows the model to recover
nearby context when a coherent issue-solution unit
has been split across nodes, while also avoiding re-
liance on an entire graph when adjacent units have
been overly merged. These subgraphs preserve
the dialogue’s internal logical progression while
filtering out irrelevant conversational turns. Each
selected subgraph G(j)q is formatted as its node list
V

(j)
q and edge list E(j)

q , explicitly encoding the
issue-solution units and their refinement or elabo-
ration relations. The generator then conditions on
all selected subgraphs:

â = G(q, {G(j)q }kj=1), (10)

providing structured grounding that stabilizes rea-
soning and improves answer quality.

6 Benchmark for RAG-QA on
Goal-Oriented Dialogues

Most existing RAG benchmarks are built on docu-
ment corpora, where information is explicit, topi-
cally coherent, and structurally stable. In contrast,
evaluating RAG when the underlying knowledge
comes from dialogues remains underexplored. To
support rigorous evaluation in this setting, we adopt
a nugget-based evaluation methodology and apply
it to RAG-QA over goal-oriented dialogues. Im-
plementation details, statistical information, and
evaluation protocols are provided in Appendix C.

Data Sources We collect two complementary
resources: the Ubuntu Dialogue Corpus (Lowe
et al., 2015), which provides large-scale, multi-turn
troubleshooting dialogues as raw conversational
evidence; and AskUbuntu QA pairs, which offer
high-quality, community-verified question-answer
pairs as evaluation targets. Together, these sources
combine realistic but noisy dialogue traces with
curated problem-solution outcomes.

Nugget-Based Alignment Because the two cor-
pora originate independently, we align them via
nugget-based grounding. Each AskUbuntu answer
is decomposed into minimal factual units (nuggets)
(Lin and Demner-Fushman, 2005; Pavlu et al.,
2012), and dialogues are labeled as relevant if they
support these nuggets. Nugget-level grounding
enables precise dialogue-QA alignment and fine-
grained evaluation beyond surface-form matching.

Following prior work (Thakur et al., 2025), we
employ LLM-as-a-judge for NLI-based relevance
labeling and nugget evaluation.

Evaluation We assess RAG performance by mea-
suring whether the generated answer â supports
reference nuggets using All-Strict nugget accuracy
(Pradeep et al., 2025). We also report Recall@k
and Nugget Coverage@k to measure dialogue and
nugget coverage in the top-k retrieved results.

7 Experiments

We evaluate SDR on three research questions:

RQ1 Does SDR improve end-to-end QA com-
pared to standard RAG and strong refinement
baselines?

RQ2 How do refinements in the retrieval and gen-
eration stage contribute to performance?

RQ3 Why does hybrid retrieval and graph-based
utilization outperform simpler alternatives?

7.1 Experimental Setup
We evaluate SDR and baselines on the Ubuntu-
RAG benchmark (Section 6), reporting both end-
to-end QA and retrieval performance. For QA,
we compare against Naive RAG, and RECOMP-
abstractive and RECOMP-extractive (Xu et al.,
2024a), which improve utilization via online sum-
marization and re-ranking. All RAG systems use
the top-20 retrieved dialogues and are evaluated
over five runs. We also include non-RAG refer-
ences (Close-Book, Oraclenugget, and Oracle). For
retrieval, we compare against original retrieval,
Doc2Query (Nogueira et al., 2019), Doc2Query-
(Gospodinov et al., 2023), and single-view vari-
ants of SDR using only issue- or solution-focused
queries.

Model We evaluate two base models, Qwen2.5-
72b-instruct and gpt-4o-mini, and use
BAAI/bge-large-en-v1.5 for dense retrieval.
Offline refinement and nugget-based evaluation are
performed using claude-3-7-sonnet. Additional
details are provided in Appendix D.

7.2 Overall Performance (RQ1)
We first evaluate end-to-end dialogue-grounded QA
performance. Table 1 compares SDR with Naive
RAG and non-RAG reference settings across re-
trievers and base models. SDR consistently outper-
forms Naive RAG in all configurations, achieving
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Table 1: End-to-end dialogue-grounded QA performance (nugget accuracy). SDR is compared with non-RAG
references (Close-Book and Oracle) and Naive RAG. Relative improvements over Naive RAG are shown in green.

BM25 bge-large-en-v1.5
Qwen2.5-72b gpt-4o-mini Qwen2.5-72b gpt-4o-mini

Close-Book 19.50±0.18 22.83±0.20 19.50±0.18 22.83±0.20

Oraclenugget 29.11±0.18 29.77±0.22 29.11±0.18 29.77±0.22

Oracle 29.55±0.19 31.82±0.26 29.55±0.19 31.82±0.26

Naive RAG 22.44±0.16 26.00±0.20 25.37±0.24 26.98±0.22

SDR 27.37±0.21 ↑22% 28.56±0.23 ↑10% 28.54±0.20 ↑12% 29.12±0.18 ↑8%

Table 2: Comparison with refinement-based RAG base-
lines using gpt-4o-mini. Results are reported with and
without retrieval enhancement, showing that SDR con-
sistently outperforms RECOMP under both settings.

BM25 bge-large-en-v1.5

Naive RAG 26.00±0.20 26.98±0.22

w/o retrieval enhancement
RECOMP-abs. 22.68±0.24 27.10±0.19

RECOMP-extr. 25.34±0.19 26.26±0.24

w/ retrieval enhancement
RECOMP-abs 24.79±0.19 28.09±0.22

RECOMP-extr 25.34±0.19 26.49±0.21

SDR 28.56±0.23 29.12±0.18

gains of up to 22%, and substantially narrows the
gap to oracle performance. These results indicate
that structured dialogue refinement is critical for
grounding multi-turn, sparsely expressed evidence,
beyond what can be achieved by standard retrieval
and generation alone.

We next compare SDR with refinement-based
RAG baselines using gpt-4o-mini in Table 2.
Without retrieval enhancement, RECOMP variants
fail to improve over Naive RAG and can even de-
grade performance under BM25, indicating that
refinement in the generation stage alone is insuf-
ficient when relevant dialogue evidence is poorly
retrieved. With retrieval enhancement, RECOMP
benefits from stronger inputs and becomes more
competitive, but still consistently underperforms
SDR. In contrast, SDR achieves the best perfor-
mance across retrievers, demonstrating that jointly
refining dialogues in both the retrieval and genera-
tion stages is critical for robust dialogue-grounded
QA.

7.3 Component Contribution Analysis (RQ2)

We analyze how refinement of SDR in the retrieval
and generation stage contributes to performance.
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Figure 5: Hybrid retrieval effect. Max capacity denotes
nuggets covered by issue- and solution-focused method.

Retrieval stage Table 3 reports retrieval perfor-
mance under both BM25 and bge-large-en-v1.5.
Compared to indexing raw dialogues, query expan-
sion baselines (Doc2Query and Doc2Query-) im-
prove recall and nugget coverage, indicating that
retrieval benefits from enriching sparse dialogue
cues. However, SDR achieves the strongest overall
coverage: hybrid retrieval yields the best R@50
and N@50 for both retrievers, demonstrating that
our refinement in the retrieval stage more effec-
tively surfaces nugget-supporting evidence than
document-expansion alone.

Generation Stage contribution Table 4 presents
a whole-pipeline ablation. Removing refinement
in the retrieval stage substantially degrades per-
formance due to missed relevant dialogues under
sparsity and diffusion. Removing refinement in
the generation stage yields a different failure mode:
although relevant dialogues are retrieved, unstruc-
tured conversational traces hinder effective ground-
ing. The full model consistently outperforms both
variants, confirming that refinements in the re-
trieval and generation stage address complementary
sources of error.

7.4 Design Choice Analysis (RQ3)
Why hybrid retrieval works Figure 5 analyzes
issue-only, solution-only, and hybrid retrieval.
Issue-focused retrieval captures core problem de-
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Table 3: Dialogue retrieval performance. Recall@k (R@k) and Nugget Coverage@k (N@k) are reported for both
retrievers. Hybrid retrieval combining issue- and solution-focused queries achieves the strongest overall coverage.

BM25 bge-large-en-v1.5
R@20 R@50 N@20 N@50 R@20 R@50 N@20 N@50

Original 6.98 17.26 19.97 34.13 34.90 53.96 45.76 51.37
Doc2Query 10.66 22.02 25.83 37.20 39.19 58.18 46.69 52.89
Doc2Query- 10.82 22.11 26.34 37.63 40.43 57.64 47.33 53.84

Hybrid (Ours) 14.33 32.96 28.28 43.29 39.91 59.32 48.74 54.73

Table 4: Whole-pipeline ablation on a benchmark subset
(bge). The nugget accuracy of removing refinement in
either the retrieval or generation stage is reported.

Qwen2.5-72b gpt-4o-mini

Naive RAG 21.30 24.67

SDR w/o RetRef ↓ 21.13 ↑ 26.52
SDR w/o UtilRef ↓ 20.88 ↑ 26.97

SDR ↑ 22.13 ↑ 27.43

Naive RAG Top-k Node Top-k Graph Avg-Score
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Figure 6: Ablation study of refinement in the genera-
tion stage. SDR is compared with reranking on nodes,
graphs, and using the average score for identifying the
subgraph.

scriptions, while solution-focused queries encode
solution cues that are often absent from issue de-
scriptions. Although weak in isolation, solution
signals substantially improve coverage when com-
bined with issue signals (i.e., max capacity). Hy-
brid retrieval consistently approaches the nugget
coverage of these two signals, demonstrating that
integrating complementary dialogue perspectives
is essential for overcoming sparsity and diffusion.

Why roaming-based utilization works Figure 6
compares our roaming-based subgraph selection
with simpler strategies. Selecting top-k nodes dis-
cards the local reasoning context, while selecting
entire graphs often includes irrelevant or aban-
doned solution paths. Using average relevance
improves stability but remains inferior. Roaming-
based selection achieves the highest accuracy by
extracting minimal, coherent subgraphs that pre-

serve refinement and elaboration structure while
suppressing conversational noise.

8 Related Work

Retrieval-Augmented Generation External ev-
idence grounds LLMs to improve factuality and
reduce hallucinations (Lewis et al., 2020; Borgeaud
et al., 2022; Gao et al., 2023; Tonmoy et al., 2024).
Most RAG research and benchmarks focus on doc-
ument corpora such as encyclopedic passages, cu-
rated knowledge bases, or technical manuals (Jin
et al., 2025b; Guu et al., 2020; Xu et al., 2024b;
Zhang et al., 2024). These corpora assume ex-
plicit, coherent, and structurally stable evidence,
assumptions often violated by goal-oriented dia-
logues. While some datasets include dialogue com-
ponents (Li et al., 2025b,a), they primarily study
conversational RAG for dialogue agents rather than
treating dialogue transcripts as the retrieval corpus
for long-form, dialogue-grounded QA.

Refinement Methods for RAG A central diffi-
culty in RAG is utilizing retrieved context that is
long, noisy, or partially relevant (Cuconasu et al.,
2024). Training-based approaches improve robust-
ness via supervised fine-tuning or preference learn-
ing (Yoran et al., 2024; Asai et al., 2024; Lin et al.,
2024), while training-free approaches refine con-
text via summarization, structured extraction, or
retrieval-time pruning/reasoning (Xu et al., 2024a;
Jimenez Gutierrez et al., 2024; Wang et al., 2024;
Qin et al., 2025). Recent work also reorganizes cor-
pora offline into memory/graph/hierarchical struc-
tures (Jimenez Gutierrez et al., 2024; Gutiérrez
et al., 2025; Edge et al., 2024; Guo et al., 2025;
Jin et al., 2025a). However, these methods of-
ten rely on document-style stability (e.g., persis-
tent entities or explicit relations), which is weaker
in goal-oriented dialogues; we instead refine di-
alogues with structure and selection mechanisms
tailored to refinement-driven interaction.
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Goal-Oriented Dialogues Goal-oriented dia-
logue research spans customer support, technical
forums, and assistants (Young et al., 2013; Eric
et al., 2017; Budzianowski et al., 2018; Dinan
et al., 2019; Dai et al., 2022; Feng et al., 2021).
Many benchmarks are synthetic or semi-synthetic
and target response generation or task completion,
whereas real troubleshooting dialogues feature in-
complete issue descriptions, exploratory solution
attempts, and evolving common ground. Recent
work studies how LLMs understand and reason in
such settings (Zhang et al., 2023; Yu et al., 2023),
and Sarkar et al. (2025) identify common ground
misalignment as a key challenge. We build on this
insight by showing it also induces structural mis-
matches for RAG, hurting retrieval via sparse/dif-
fused cues and utilization via dynamic refinement,
and propose dialogue-specific refinement plus a
new dialogue-grounded RAG benchmark.

9 Conclusion

We presented SDR, a unified refinement frame-
work for retrieval-augmented QA over goal-
oriented dialogue corpora. By addressing dialogue-
specific structural challenges, SDR improves both
the retrieval and generation stages without modi-
fying the underlying RAG architecture. Dual Dia-
logue Querying enables intent-aligned retrieval via
complementary issue- and solution-centric views,
while Graph-Structured Dialogues organize con-
versational evidence into coherent reasoning sub-
graphs. Experiments demonstrate consistent gains
in retrieval quality and answer accuracy, underscor-
ing the importance of dialogue-specific refinement
for extending RAG beyond document corpora.

Limitations

Our work focuses on structural challenges that
broadly characterize goal-oriented dialogues, and
the proposed framework is designed to general-
ize across domains. However, due to the lack of
publicly available dialogue-grounded RAG bench-
marks, our empirical evaluation is limited to a sin-
gle benchmark constructed from Ubuntu dialogues
and AskUbuntu QA pairs; extending evaluation to
additional domains as such benchmarks emerge
is a promising direction for future work. In ad-
dition, our current formulation assumes a static
dialogue corpus, whereas real-world systems often
accumulate dialogues continuously. Developing
principled methods to incrementally incorporate

new dialogues (e.g., updating latent queries or ex-
tending graph structures without full reprocessing)
would further improve the practicality of SDR in
dynamic settings.
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A Details of Preliminary Study

For our preliminary experiments, we randomly
sample 100 question-answer pairs from the bench-
mark described in Appendix C.

To examine retrieval challenges, we use each
question as a query to retrieve the top-20 dialogues
and compare their nugget coverage against that of
all gold-relevant dialogues. The substantial gap in
nugget coverage highlights the difficulty of retriev-
ing relevant evidence from goal-oriented dialogue
corpora.

To examine utilization challenges, we eval-
uate the same 100 QA pairs under three set-
tings: closed-book generation (without external dia-
logues), Naive RAG, and an oracle setting that pro-
vides all gold-relevant dialogues. The improvement
of RAG over the closed-book baseline confirms the
value of dialogue evidence. The gap between Naive
RAG and the oracle setting reflects the impact of
retrieval errors, while the remaining gap between
oracle performance and the nuggets contained in
the relevant dialogues reveals the difficulty LLMs
face in effectively utilizing raw dialogue data.

B Details of Method

We present the pseudo code of SDR in Algorithm 1,
which summarizes both the offline refinement and
online inference stages.

C Details of Benchmark Construction

We provide more details of Ubuntu-RAG.

C.1 Benchmark Construction

We provide additional details for constructing the
Ubuntu-RAG benchmark, which aligns Ubuntu
goal-oriented dialogues with AskUbuntu QA pairs
via nugget-based grounding.

Dialogue Preprocessing. We begin with the
Ubuntu Dialogue Corpus (Lowe et al., 2015). Be-
cause the raw logs contain user identifiers and
cross-user references, we apply two PII-removal
steps: (1) all speakers are anonymized using canon-
ical tokens (user1, user2); (2) mentions of user-
names inside utterances—common in channel-style
chats—are removed. This yields a clean, speaker-
agnostic dialogue corpus suitable for retrieval and
structural refinement.

AskUbuntu QA Preprocessing. AskUbuntu an-
swers often include images, scripts, or executable

code. To focus our benchmark on text-only scenar-
ios and leave other domains for future work and
also consider the time range of the dialogue cor-
pus, we perform the following filtering: (1) Time-
range alignment: only questions posted within the
active period of the Ubuntu Dialogue Corpus are
retained, avoiding ambiguity from system-version
drift; (2) Non-text removal: QA pairs containing
image URLs or code blocks are discarded, since
multimodal reasoning and code synthesis are be-
yond the scope of this work; (3) Quality filtering:
we select the 300 QA pairs with the highest commu-
nity scores, which serve as reliable gold references
due to community validation.

Nugget Generation. Because the dialogue cor-
pus and QA pairs originate from independent
sources, aligning them requires bridging a substan-
tial semantic gap. Following recent works on au-
tomatically constructing RAG benchmark (Thakur
et al., 2025), we decompose each gold answer into
a set of minimal factual units (“nuggets”). For each
QA pair, an LLM (claude-3-7-sonnet in our
work) generates a concise list of nuggets that col-
lectively capture the essential information needed
to answer the question. Nuggets enable both (i)
filtering dialogues that contain necessary evidence
and (ii) fine-grained factual evaluation of retrieval
and generation.

Dialogue Relevance Labeling. To determine
which dialogues truly contain evidence for a given
QA pair, we adopt a two-stage procedure. First,
because of the scale of the dialogue corpus, we
retrieve a candidate pool using BM25 with diverse
queries: the question text, the gold answer, and
the nugget list. This ensures broad coverage under
surface-form mismatch. Second, for each dialogue-
nugget pair, we apply LLM-as-a-Judge to perform
an NLI-style classification (Entailment, Neutral,
Contradiction). We treat only Entailment as pos-
itive, resulting in high-precision dialogue-nugget
relevance labels. This process yields aligned triples
of questions, answer nuggets, and grounded dia-
logues.

C.2 Evaluation

We evaluate systems on two tasks: dialogue
retrieval and dialogue-grounded QA generation.
Both tasks rely on nugget-level supervision to pro-
vide fine-grained factual assessment.
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Algorithm 1 Structured Dialogue Refinement (SDR)

Require: Dialogue corpus C; question q; retriever Retr; generator G; fusion weight α; top-k dialogues;
top-m anchors; roam radius ρ

Ensure: Generated answer â
Offline refinement (build once)

1: for all dialogues X ∈ C do
2: Qι(X)← LLMQueryGenι(X) . issue-focused queries
3: Qσ(X)← LLMQueryGenσ(X) . solution-focused queries
4: X̃ι(X)← CONCAT(Qι(X))
5: X̃σ(X)← CONCAT(Qσ(X))
6: G(X)← BUILDGRAPH(X) . nodes: issue–solution units; edges: refine/elaborate
7: end for
8: Build indices C̃ι = {X̃ι(X)} and C̃σ = {X̃σ(X)}

Online RAG inference (per query)
9: Dι ← Retr(q, C̃ι); Dσ ← Retr(q, C̃σ)

10: for all dialogues X in candidates from Dι ∪Dσ do
11: s(X)← α sι(X) + (1− α) sσ(X)
12: end for
13: D ← TOPK({X}, s, k) . final retrieved dialogues

Graph-structured utilization
14: H ← ∅
15: for all X ∈ D do
16: G ← G(X)
17: for all nodes v ∈ V (G) do
18: r(v | q)← SIM(q, v)
19: end for
20: A ← TOPM(V (G), r(· | q),m) . anchor nodes
21: for all v ∈ A do
22: G(v)q ← ROAM(G, v, ρ) . expand along refine/elaborate edges
23: H ← H∪ {G(v)q }
24: end for
25: end for
26: â← G(q,H)
27: return â

Retrieval Evaluation. Given a question, the sys-
tem retrieves a ranked list of dialogues. We re-
port two metrics: (1) Recall@k: the proportion
of gold-relevant dialogues appearing in the top-k.
(2) Nugget Coverage@k: the fraction of answer
nuggets supported by at least one retrieved dia-
logue. For a nugget set N and top-k dialogues
Dk:

NC@k =
|{n ∈ N | ∃d ∈ Dk s.t. d |= n}|

|N | ,

(11)

where d |= n denotes LLM-judged entailment.

QA Evaluation. Given a question and retrieved
dialogues, a model generates an answer â. We

again use LLM-as-a-Judge to determine whether
each associated nugget in the reference answer is
entailed by the generated answer. For nugget set
N , we compute:

Score =
1

|N |
∑

n∈N
1[â |= n] , (12)

which corresponds to the All-Strict nugget accu-
racy (Pradeep et al., 2025). A nugget contributes
only when the answer clearly supports it. This eval-
uation emphasizes factual grounding rather than
surface-form similarity.

C.3 Statistical Information
Finally, we obtain the Ubuntu-RAG benchmark.
The statistical information of Ubuntu-RAG is
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Question Title: 
How can I make Ubuntu check for updates less
often?

Question Body: 
I'd like to have Ubuntu not check for updates as
often. How do I accomplish this?

Answers:
For 10.10 and earlier versions (and11.04, in an
Ubuntu classic session) Open Update Manager
(System > administration > Update Manager)

On the Updates tab, there's a drop down box for
"Check for updates", with options for Daily, every
two days, weekly or every two weeks.

Or you can turn it off and just check manually
whenever you want.

AskUbuntu QA Pair

Question-based Query

Answer-based Query

Nugget-based Query

1. For Ubuntu 10.10 and earlier versions (and 11.04
in Ubuntu Classic session), open Update Manager
from System > Administration > Update Manager

2. In the Update Manager's Updates tab,there’a
drop down box for 'Check for updates" with
options for Daily, every two days, weekly, or every
two weeks

3. You can turn off automatic update checking
completely and check manually whenever you want

Nuggets
(Answer Label)

Ubuntu 17784.tsv 9: irrelevant
Ubuntu 1586.tsv6: irrelevant 
Ubuntu_24448.tsv 8: irrelevant
Ubuntu 12346.tsv 8: relevant
Ubuntu 5322.tsv 10: relevant

Relevant Judge
(Retrieval Label)

User 1: My Ubuntu 8 .10 doesn't update by alone, only when I check for
updates manualy and by command in Terminal. Why is that?

User 2: Ubuntu doesn't update on its own. You have to run sudo opt-get
upgrade or do it via the Update Manager as far as i know

User 1: it was checking for updates by alone. Now it doesn't check anymore

User 2: Go to System> Administration > Update Manager. Click on Settings
in the lower Left Corner. Then in the window that opens, Select Check for
Updates. And set it to Daily. There are some other options as well there :)  

Ubuntu Dialogues 
Corpus

1. Nugget
Generation

2. Diverse
Retrieval

Retrieved Dialogues
(Related)

3. Relevance
Judge

Figure 7: Overview of Benchmark Construction. The employed LLMs first generate the nuggets of the long answers
regarding the question. Then the retriever takes the question, answers and nuggets, respectively, to identify the
related dialogue from the large Ubuntu Dialogue Corpus. Finally, the LLM-as-a-judge is employed to perform the
NLI based on the retrieval dialogues and the associated nuggets to annotate the relevance label.

Count

# Dialogues 18,000
# QA Pairs 300

Table 5: Statistical Information of Ubuntu-RAG

shown in Table 5.

D Details of Experimental Setup

D.1 Baselines

We evaluate the proposed SDR by comparing with
the following baselines:

RAG baselines. For dialogue-grounded QA, we
compare with: (1) Naive RAG: a direct RAG
pipeline with no refinement; (2) RECOMP-
abstractive (Xu et al., 2024a): summarization-
based context compression; (3) RECOMP-
extractive (Xu et al., 2024a): retrieval-time re-
ranking via an encoder. We also include three
ablated variants of SDR that replace our graph-
structured refinement with simpler structures: (4)
Top-k Node: a re-ranking method on the cap-
tured issue-solution pairs. (5) Top-k Graph: a
re-ranking method on the captured graphs (a set
of issue-solution pairs). (6) Avg-Score Subgraph:
similar to SDR but using the average score of the

whole sub-graph for ranking.

Retrieval baselines. We evaluate the following
methods for dialogue retrieval: (1) Original: index-
ing and retrieving from the raw dialogue text; (2)
Doc2Query (Nogueira et al., 2019): a document-
expansion method predicting pseudo-queries for
each dialogue; (3) Doc2Query– (Gospodinov et al.,
2023): an extension that filters predicted queries
using relevance scores; as well as two single-view
variants of SDR: (4) issue-focus: using only pre-
dicted issue-centric queries; (5) solution-focus: us-
ing only solution-centric queries. We focus on
domain-agnostic retrieval methods to ensure a fair
comparison with our framework, which operates
without the dialogue-specific retrievers fine-tuned
on the specific dialogue data.

D.2 Others
All RAG models use the top 20 retrieved dialogues.
For generations, we run each method 5 times to
reduce randomness and set top_p to 0.99 and
temperature to 2e−4 for reproducibility.

For comparisons between SDR and refinement-
based baselines (Table 1 and 2), we retrieve 50
dialogues but incorporate only the top 20 into gen-
eration, ensuring consistency with the Naive RAG
setting.
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