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Abstract

Multi-turn Retrieval-Augmented Generation
faces structural challenges that go beyond
single-turn retrieval and fusion. Context-
dependent queries, cross-turn evidence accu-
mulation, and uncertain answerability jointly
affect retrieval quality and generation reliabil-
ity. We propose a structured control framework
that formulates multi-turn RAG as a regulated
reasoning process rather than a loosely coupled
pipeline. The system first performs evidence
and context structuring, extracting atomic facts
strictly grounded in reference passages while
reconstructing a self-contained query from di-
alogue history. It then conducts decision-
conditioned generation, where explicit control
signals regarding question intent, dialogue de-
pendency, and answerability govern response
feasibility, scope, and organization. By sepa-
rating structural decision making from surface
realization, the framework enforces consistent
information flow across stages and reduces hal-
lucination.Experiments on SemEval-2026 Task
8 show that our approach achieves strong faith-
fulness and stable overall performance, ranking
17/26 on Task B (generation, H=0.6333).

1 Introduction

Knowledge-intensive natural language processing
tasks, such as open-domain question answering and
dialogue systems, require models not only to gen-
erate fluent text but also to ground their outputs in
verifiable evidence. Despite the impressive para-
metric memory of large language models, purely
generative approaches remain vulnerable to hallu-
cination when relevant facts are absent or implic-
itly referenced. Retrieval-Augmented Generation
(RAG) mitigates this limitation by coupling gen-
eration with external knowledge retrieval (Lewis
et al., 2020). With the advent of dense retrieval
methods such as DPR (Karpukhin et al., 2020)
and improved evidence fusion strategies including
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Fusion-in-Decoder and generation-augmented re-
trieval (Izacard and Grave, 2021; Mao et al., 2021),
single-turn open-domain QA has achieved substan-
tial gains in factual accuracy.

However, the assumptions underlying single-
turn RAG break down in multi-turn conversa-
tional settings. In dialogue, user queries are rarely
self-contained; they frequently rely on prior turns
through anaphora, ellipsis, or implicit topic con-
tinuation. When retrieval is performed solely on
the surface form of the current query, the system
effectively searches with incomplete semantic in-
formation, resulting in degraded recall and down-
stream answer quality (Mo et al., 2023; Wu et al.,
2022). Query rewriting methods attempt to restore
semantic completeness by reformulating context-
dependent queries into standalone forms, using
generative models or reinforcement learning ob-
jectives (Ma et al., 2023; Mo et al., 2023; Wu et al.,
2022; Zhang et al., 2024). While these approaches
improve retrieval robustness, they typically treat
rewriting as an isolated preprocessing step, without
jointly modeling its interaction with downstream
retrieval and generation.

Beyond query ambiguity, multi-turn dialogue in-
troduces a second structural challenge: evidence
must be accumulated, updated, and selectively in-
tegrated across turns. As conversations evolve,
relevant information may emerge incrementally,
and naive retrieval at each turn can ignore previ-
ously retrieved evidence or introduce contradic-
tions. Although multi-passage fusion improves
single-turn evidence utilization (Izacard and Grave,
2021), there remains a lack of systematic mech-
anisms for cross-turn evidence management and
controlled accumulation. Moreover, when retrieval
fails to produce reliable support, unconstrained gen-
eration can propagate errors across turns, ampli-
fying factual inconsistencies. The answerability
modeling paradigm introduced in SQuAD 2.0 (Ra-
jpurkar et al., 2018) underscores the importance
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of reliability-aware decision making, and recent
analyses of multi-turn RAG systems (Wang et al.,
2024; Cheng et al., 2024) and benchmarks such
as MTRAG-UN (Rosenthal et al., 2026a) further
highlight the need for coordinated retrieval, accu-
mulation, and generation control.

These observations suggest that effective multi-
turn RAG requires more than incremental improve-
ments to individual components. Instead, it de-
mands a unified architecture that explicitly mod-
els the interdependence among query rewriting, re-
trieval enhancement, and reliability-aware gener-
ation. SemEval-2026 Task 8 (Task B) (Rosenthal
et al., 2026¢) builds upon recent benchmarks such
as MTRAG (Katsis et al., 2025), providing a rig-
orous evaluation setting for this problem, empha-
sizing the downstream impact of query rewriting
and cross-turn reasoning in conversational retrieval-
augmented systems.

In this work, we present a unified RAG frame-
work tailored for multi-turn dialogue. The frame-
work integrates three tightly coupled modules: (1)
a generative query rewriting component that re-
stores contextual completeness; (2) a multi-turn re-
trieval enhancement mechanism that accumulates
and fuses cross-turn evidence in a controlled man-
ner; and (3) a rule-guided generation strategy in-
corporating answerability assessment and posterior
filtering to prevent unsupported responses. By ex-
plicitly coordinating these stages, our approach
transforms multi-turn RAG from a loosely con-
nected pipeline into a structured, reliability-aware
reasoning process. Experimental results on the Se-
mEval benchmark demonstrate consistent improve-
ments over strong baselines, and ablation studies
reveal clear synergistic effects between contextual
rewriting and cross-turn evidence accumulation.

2 Related Work

Retrieval-Augmented Generation RAG has become
a standard framework for knowledge-intensive
NLP. By integrating neural retrieval with generative
models (Lewis et al., 2020) and leveraging dense
retrievers such as DPR (Karpukhin et al., 2020) to-
gether with Fusion-in-Decoder (Izacard and Grave,
2021), prior work significantly improves factual
grounding in open-domain QA. Pre-training strate-
gies such as REALM and Atlas (Guu et al., 2020;
Izacard et al., 2022) and generation-augmented
retrieval (Mao et al., 2021) further strengthen re-
trieval and generation interaction. However, these

approaches are mainly evaluated in single-turn set-
tings with self-contained queries.

In conversational scenarios, context-dependent
queries containing anaphora or ellipsis degrade re-
trieval performance. Benchmarks such as TREC
CAST (Dalton et al., 2020) motivate query rewrit-
ing methods including CONQRR (Wu et al., 2022),
ConvGQR (Mo et al., 2023), and LLM-based
rewriting (Ma et al., 2023; Zhang et al., 2024). Al-
though effective for restoring semantic complete-
ness, rewriting is typically optimized independently
of downstream retrieval dynamics and generation
behavior.

Multi-turn dialogue also requires cross-turn ev-
idence accumulation and reliability control. Ex-
isting RAG variants focus on passage-level fusion
within a single turn (Lewis et al., 2020), while
benchmarks such as CORAL (Cheng et al., 2024)
reveal persistent performance gaps in conversa-
tional settings. At the same time, answerability
modeling (Rajpurkar et al., 2018) and factuality
studies (Maynez et al., 2020) highlight the neces-
sity of reliability-aware generation when evidence
is insufficient.

Overall, prior work improves rewriting, retrieval,
or reliability modeling in isolation. A principled
mechanism that regulates information flow across
turns and coordinates context restoration, evidence
accumulation, and controlled generation remains
underexplored, motivating our approach for this
task.

3 Methodology

3.1 Structured Control Formulation for
Multi-Turn RAG

Multi-turn RAG differs from standard single-turn
RAG in that the current query is often not a com-
plete information request by itself. Let H =
{u1,...,us—1} denote the dialogue history, ¢; the
current user query, and P = {p1, ..., px} the pro-
vided reference passages. A conventional retrieve-
then-generate formulation directly models the an-
swer as y = G(H, g, P). However, this formula-
tion leaves several key decisions implicit inside the
generator, including which facts in P are relevant,
how ¢; should be interpreted under H, whether the
question is answerable, and what response struc-
ture should be adopted. In multi-turn settings, such
implicit decision making can easily lead to incom-
plete context resolution, unsupported evidence use,
and hallucinated answers.
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Figure 1: System Overview.

To address this issue, we formulate multi-turn
RAG as a structured control process. The core idea
is to decompose answer generation into a sequence
of intermediate representations and explicit control
variables, so that generation is performed under
well-defined evidence, context, and decision con-
straints. Specifically, the system first constructs
structured representations from the input:

where E = {ey, ..., e, } denotes a set of atomic ev-
idence units extracted from the reference passages,
and ¢; denotes a standalone query reconstructed
from the dialogue history and the current query.
The system then predicts a set of control variables:

z:D(E7Q£)7 ()

where z = (24, 2¢, 2m) Tepresents answerability,
question category, and multi-turn dependency, re-
spectively. Finally, the answer is generated as:

y=G(E,q,z2). 3)

Under this formulation, structured control refers
to the explicit regulation of information flow across
these stages. Evidence structuring determines what
factual content may be used; context reconstruction
determines how the current query should be inter-
preted; and decision variables determine whether
and how the answer should be produced. This
design does not rely on the generator to infer all
structural properties implicitly. Instead, it exposes
these properties as intermediate states, making the

generation process more constrained, interpretable,
and easier to diagnose.

The overall workflow is shown in Figure 1.
Starting from the dialogue history, current query,
and reference passages, the system first derives a
grounded evidence representation and a context-
resolved query. These outputs are then used to
obtain control signals for answerability, question
category, and dialogue dependency. The final re-
sponse is produced only after these intermediate
results have been made explicit, ensuring that sur-
face realization is conditioned on both the avail-
able evidence and the structural requirements of
the question.

3.2 Evidence and Context Structuring

The first step of structured control is to convert the
original input into an explicit and grounded reason-
ing basis. In multi-turn RAG, the generator cannot
safely operate on the raw tuple (H, ¢;, P), because
the current query ¢; may contain unresolved ref-
erences, while the passages P may include both
relevant and irrelevant information. Directly feed-
ing these inputs into the generator increases the
risk of context omission, evidence misuse, and un-
supported inference. Therefore, this stage aims to
construct two intermediate representations: a struc-
tured evidence set E and a context-resolved query
q;-

Formally, this stage implements the structuring
function:

(E,qt) = S(H,q:, P) )

2896



which consists of two sub-functions:
E = Extract(qy, P), q; = Rewrite(H, q).
&)
The extraction function identifies question-relevant
evidence from the reference passages. Each ev-
idence unit e; € E is required to satisfy three
constraints: it must be explicitly supported by
P, express verifiable facts, and avoid external
knowledge or speculative inference. In this way,
E = {ey,..., ey} serves as the admissible factual
basis for subsequent decision making and genera-
tion, rather than a loose summary of the passages.

The rewriting function resolves the contextual
incompleteness of the current query. Given the
dialogue history H and the current query g,
Rewrite(H, ¢;) produces a standalone query g,
by resolving referential expressions, recovering
omitted constraints, and making implicit require-
ments explicit. For example, pronouns, ellipses,
and follow-up expressions are replaced or com-
pleted using antecedents and constraints available
in H. Importantly, this process is constrained to
use only the dialogue history and is not allowed to
introduce new factual assumptions.

These two operations are intentionally separated.
Evidence extraction determines what information
can be used, while query rewriting determines what
information is being requested. Their outputs are
then jointly used by the downstream decision mod-
ule, so that answerability and generation are evalu-
ated against both the available evidence E' and the
resolved user intent ¢;. In our implementation, both
Extract(-) and Rewrite(-) are realized through
constrained LLM prompts. The full prompts used
for evidence extraction and context reconstruction
are provided in Appendix A to support reproducibil-

ity.
3.3 Decision-Conditioned Generation

After obtaining the structured representations
(E,q}), the remaining challenge is to determine
how the answer should be produced under different
question conditions. In multi-turn settings, even
with correct evidence and a fully resolved query,
the generation process still involves implicit de-
cisions, such as whether the question is answer-
able, what type of response is expected, and how
strongly the answer should depend on prior dia-
logue. If these decisions are left entirely to the
generator, they are entangled with surface realiza-
tion and become difficult to control, often leading

to inconsistent response styles or unsupported con-
tent.

To address this issue, we explicitly separate de-
cision making from generation by introducing a set
of control variables. Formally, we define a decision
function:

z=D(E,qp), (6)

where z = (24, 2¢, 2m) corresponds to answerabil-
ity, question category, and multi-turn dependency,
respectively. Concretely, z, indicates whether the
question is answerable given F, e.g., ANSWER-
ABLE, PARTIAL, UNANSWERABLE; 2. captures the
structural intent of the question, e.g., factoid, ex-
planation, or procedural; and z,, characterizes the
relationship between the current query and the dia-
logue history, e.g., clarification, follow-up, or stan-
dalone. Each component of z is obtained through a
zero-shot LLM classification prompt, and the exact
prompt specifications are provided in Appendix A.

These control variables do not directly deter-
mine the answer content, but instead impose struc-
tured constraints on the generation process. Specifi-
cally, z, defines a feasibility constraint that governs
whether a direct answer can be produced and how
uncertainty should be expressed; z. defines a struc-
tural constraint that controls the organization and
level of detail of the response; and z,, defines a
contextual constraint that determines how the re-
constructed query ¢; should incorporate dialogue
history. In this way, the generation process is not
a free-form mapping from (F, q;) to y, but a con-
strained mapping conditioned on z:

y=G(E,q,z2). (7

In our implementation, G is realized as a prompt-
based generation module that takes (F, g}, z) as
input and produces the final answer under strict
grounding constraints, i.e., only information con-
tained in F is allowed to appear in the output. Im-
portantly, the control variables z function as soft
constraints rather than hard routing decisions. Even
when z is partially incorrect, the generator still has
access to the full evidence set E and the resolved
query ¢;, which prevents catastrophic failure. In-
stead, z primarily biases the answer format, scope,
and contextual integration, making the overall sys-
tem robust to imperfect decision signals.

By decoupling structural decision making from
surface realization, this stage ensures that the final
answer is consistently aligned with both the avail-
able evidence and the structural requirements of
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the query. This explicit conditioning mechanism
enables controllable and interpretable generation
behavior, while preserving flexibility across diverse
multi-turn scenarios.

4 [Experiments

4.1 Experiment Setup

We conduct experiments on the SemEval-2026
Task 8 dataset, which consists of multi-turn dia-
logues ending with a user question and a set of
reference passages. Following the official setting,
we split the development set into 80% for training
and 20% for validation, and report final results on
the test set of 507 samples(Rosenthal et al., 2026b).

GPT-40-mini is used as the generation backbone.
Given the dialogue history and retrieved passages,
the model produces grounded responses with the
goal of minimizing hallucination and improving
factual accuracy.

We evaluate performance using the official met-
rics: RBalg, the harmonic mean of Bert-Recall,
RougeL, and Bert-K-Prec; RBllm, an LLM-based
metric grounded in reference passages from RAD-
Bench; and RIf, the faithfulness metric from RA-
GAS. These metrics jointly assess answer quality
and grounding fidelity.

4.2 Main Results

Table 1: Comparison of RB,js performance of different
models on the development set

Model RB,j; Mean
gwen3:8b (zero-shot) 0.1148
qwen3:8b (post-trained) 0.3242
mistral:7b-v0.3 (zero-shot) 0.2691
mistral:7b-v0.3 (post-trained) 0.4270
Ilama3 (zero-shot) 0.2588
llama3 (post-trained) 0.3678
GPT-40-mini (zero-shot) 0.4876

We first conduct model selection on the devel-
opment set using a unified pipeline, varying only
the generator. Using RB,, as the selection metric,
GPT-40-mini achieves the highest score of 0.4876
in zero-shot mode, outperforming all open-source
instruction-tuned models, including fine-tuned vari-
ants. We therefore adopt GPT-40-mini as the core
generator in our system.

On the official test set of 507 tasks, our sys-
tem achieves a harmonic mean of 0.6333, with

RBagg 0.4876, RLF 0.7537, and RBllm 0.7357,
ranking 17th out of 26 teams. Compared to the
strong baseline gpt-oss-120b (OpenAl, 2025) at
0.639, the gap is only 0.0057. While not among
the top-ranked systems, our model performs partic-
ularly well on RLF and RByj,,,, indicating strong
grounding and low hallucination.

These results suggest two main findings. First,
GPT-40-mini provides a clear advantage in leverag-
ing reference evidence, which translates into strong
faithfulness performance in the full system. Sec-
ond, the proposed architecture substantially im-
proves overall performance beyond single-step gen-
eration, with explicit intermediate control signals
contributing to the final harmonic mean of 0.6333.
The remaining gap to the top system mainly lies in
RB,gg, indicating that improving lexical alignment
and evidence coverage remains a key direction for
future work.

4.3 Error Analysis

To gain deeper insight into the limitations of our
approach and to inform iterative improvements, we
conducted a detailed error analysis on the test set.
By comparing the generated answers with the ref-
erence passages, we identified three predominant
error types: hallucination, missing evidence, and a
uniform response strategy that fails to adapt to dif-
ferent question characteristics. Additionally, we ex-
amined the performance of the three explicit classi-
fiers (question type, answerability, and multi-turn)
to understand their contribution to the overall gen-
eration quality.

We first evaluated the accuracy of the system
on the three classification tasks. As shown in Fig-
ure 2, the question type classifier achieves only
36.88% accuracy, indicating substantial difficulty
in distinguishing nuanced query intents such as
Factoid, Explanation, or How-To. The answerabil-
ity classifier performs better (53.45%), but still
misclassifies nearly half of the instances, often con-
fusing PARTIAL with ANSWERABLE or UNAN-
SWERABLE. The multi-turn classifier has the low-
est accuracy (31.56%), reflecting the complexity
of resolving coreferences and recovering omitted
context in conversational dialogues. These classi-
fication errors directly propagate to the generation
stage, contributing to hallucination and missing
evidence.

We conduct error analysis on the test set and
identify three main issues: hallucination, missing
evidence, and a uniform response strategy that fails
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Figure 2: Accuracy of the three explicit classifiers on the test set.

1 ! ‘ 08566 ‘ RB
08191 0.8036 07948, i B RB.g
0.8 - 071407017 0.7537.7357 [ RBiim
0.6334 mo{— RLr
= 05303 [l -|e------- @y ------ -
3 0.6 OS2 4T 0.4876 [ Score
= -
> 0.4 i
0.2 |
0

—\—Q&M

'\_?(0“\9" F.ﬁ\a\

Optimization Stage

Figure 3: Progression of system performance across optimization stages. Blue bars (darker to lighter) represent
RB,j¢, RBiim, and RLE; yellow bars indicate the overall Score. The red dashed line (with markers) is aligned with

the yellow bars to show the Score trend.

to adapt to question characteristics. We also exam-
ine the three explicit classifiers to understand their
impact on generation quality.

The question type, answerability, and multi-turn
classifiers achieve accuracies of 36.88%, 53.45%,
and 31.56%, respectively. Errors are common, es-
pecially in distinguishing fine-grained intents and
resolving conversational dependencies. These mis-
classifications propagate to generation, contribut-
ing to unsupported content and incomplete an-
SWers.

In the initial system, hallucination and evidence
omission are frequent, and the system applies a
uniform response pattern regardless of question
type or answerability, resulting in a harmonic mean
of 0.55 on the development set. To address these
issues, we enforce stricter evidence extraction, re-
quire atomic fact coverage, and introduce explicit
control signals from the three classifiers to guide
final generation. These modifications progressively
improve performance, raising the harmonic mean
to 0.614 after prompt refinement and to 0.6333
after incorporating classification signals.

Overall, the analysis shows that hallucination
and omission largely stem from weak control over
evidence use and question characteristics. Strength-

ening evidence constraints and introducing struc-
tured decision signals significantly improves faith-
fulness and overall performance.

5 Conclusion

We present a structured control formulation for
multi-turn RAG that emphasizes regulated infor-
mation flow across evidence extraction, context
reconstruction, and answer generation. Instead
of independently optimizing rewriting, retrieval,
or generation, our framework explicitly models
question characteristics and answer feasibility to
guide downstream behavior. Through strict ground-
ing in reference passages and decision-conditioned
generation, the system reduces hallucination and
improves faithfulness in conversational settings.
Experimental results confirm that structured de-
cision signals substantially enhance performance
beyond unconstrained generation, particularly in
grounding-related metrics. Future work will focus
on improving intent classification accuracy and re-
fining evidence coverage to further narrow the gap
with top-performing systems.
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A Prompt Templates

Prompt 1: Reference Evidence Extraction

You are a Reference Evidence Extractor.
Given the user’s latest question and reference
passages, extract ALL useful supporting
evidence.

Extraction Rules:

- Use ONLY information explicitly stated in
the passages. Do not infer or speculate.

- Extract comprehensively: include all key
facts, details, and supporting context.

- Evidence must be atomic: each point
expresses one verifiable fact. Group related
facts.

User’s latest question: “{INPUT _TEXT}”
Reference passages: “{REFERENCE}”
Please extract and organize the evidence.
Output: “{EVIDENCE}”

Prompt 2: Conversation Context Extrac-
tion

You are a conversation context extractor.
Extract ALL necessary contextual informa-
tion from conversation history to interpret
the final question, then generate a complete,
explicit version of the user’s last question.
Extraction Rules (based solely on history):

- Resolve pronouns and ambiguous refer-
ences.

- Restore omitted context or constraints.

- Identify user preferences (format, language,
style, scope, etc.).

Prohibited:  introducing new facts, as-
sumptions, or inferences beyond explicit
statements.

User’s latest question: “{INPUT _TEXT}”
History: “{HISTORY_TEXT}”

Please extract context and generate a com-
plete, explicit version of the user’s question.
Output: “{CONTEXT_QUERY }”

Prompt 3: Question Type Classification

You are a question type classifier. Output
exactly one of:

- Factoid: specific fact (name, date, number).
- Explanation: cause/effect or background.

- Summarization: core points, ignore details.
- How-To: steps or methods.

- Non-Question: greeting, thanks, etc.

- Keyword: keyword expecting expansion.

- Composite: multiple sub-questions.

- Comparative: compare entities.

- Opinion: subjective evaluation.

- Troubleshooting: problem, causes, solutions.

Context query: “{CONTEXT QUERY }”
User’s latest question: “{INPUT_TEXT}”
Output only one word.

Output: “{QUESTION_TYPE}”

Prompt 4: Multi-Turn Classification

You are a multi-turn conversation classifier.
Output exactly one of:

- Clarification: references previous context to
resolve ambiguity within the same topic.

- Follow-up: extends or deepens the previous
topic, introduces sub-topic or next step.

- N/A: unrelated to history, standalone.

History: “{HISTORY TEXT}”

Context query: “{CONTEXT QUERY }”
User’s latest question: “{INPUT_TEXT}”
Output only one word.

Output: “{MULTI_TURN}”

Prompt 5: Answerability Classification

You are an answerability classifier. Output
exactly one of:

- UNANSWERABLE: no relevant info in
documents or history.

- CONVERSATIONAL: non-information-
seeking input (greeting, acknowledgment).
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- ANSWERABLE: explicit evidence in
documents for a complete answer.

- PARTIAL: limited info; only some relevant
details available.

Reference evidence: “{EVIDENCE}”
Context query: “{CONTEXT_QUERY }”
User’s latest question: “{INPUT _TEXT}”
Output only one word.

Output: “{ANSWERABILITY }”

Prompt 6: Final Answer Generation

You are a faithful QA assistant. Answers
must be fully grounded in provided reference
evidence only. Adapt content and style
according to answerability, question_type,
and multi_turn.

- Use ONLY provided evidence. Do not guess
or fabricate.
- Prefer directly citing evidence.

Step 1 — Follow answerability:

- ANSWERABLE: complete answer using all
evidence. No “I don’t know™.

- UNANSWERABLE: clearly state lack of
info.

- PARTIAL: provide supported parts, explic-
itly mention missing info.

- CONVERSATIONAL: polite natural reply,
no factual grounding.

Step 2 — Adapt structure by question_type:
Factoid: short; Explanation: causal; Sum-
marization: condensed; How-To: steps;
Composite:  address all sub-questions;
Comparative: compare; Troubleshooting:
causes/solutions;  Opinion: evidence-
supported; Keyword: expand; Non-Question:
brief reply.

Step 3 — Adapt context by multi_turn:
Clarification:  reference earlier context;
Follow-up: continue naturally; N/A: stan-
dalone.

Reference evidence: “{ EVIDENCE}”
Context query: “{CONTEXT_QUERY }”
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User’s latest question: “{INPUT_TEXT}”
Answerability: “{ANSWERABILITY }”
Question_type: “{QUESTION_TYPE}”
Multi_turn: “{MULTI_TURN}”

Please provide your answer following the
above rules.

Output: “{ANSWER }”




