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Abstract. Conversational systems face growing challenges in understanding
context, resolving references, and maintaining coherence across multiple user
turns. The SemEval-2026 Task 8 [Katsis et al. 2026] challenges participants to
build conversational Retrieval-Augmented Generation (RAG) systems capable
of handling multi-turn interactions with context dependencies, coreferences, and
diverse question types. We propose a modular architecture combining five com-
plementary strategies: (1) CoT query rewriting with multi-query diversification;
(2) hybrid BM25+dense search; (3) rerank relevant documents; (4) answerabil-
ity detection; and (5) specialized guardrails. Our contribution demonstrates
how systematic integration of classical IR techniques with advanced prompting
tackles SemEval-2026 Task 8 requirements.

1. Introduction
The SemEval-2026 Task 8 [Katsis et al. 2026] proposes evaluating conversational multi-
turn RAG systems based on MTRAGEval [Katsis et al. 2025], where 85% of interactions
present contextual dependencies and coreferences. Unlike single-turn RAG systems, the
task requires maintaining conversational context across turns, resolving pronominal coref-
erences, adapting retrieval by question type (follow-up, clarification, troubleshooting),
and detecting insufficient documents.

The data [Katsis et al. 2025] consists of multi-turn conversations with: (1) turn
history, (2) current question, (3) question type, (4) document corpus, (5) gold standard
documents, and (6) expected response evaluated by FANC criteria (Faithfulness, Appro-
priateness, Naturalness, Completeness).

We propose a modular architecture integrating: (1) Query Rewriting with Chain-
of-Thought for contextual reformulation and Multi-Query Diversification, (2) Hybrid Re-
trieval (BM25 + dense embeddings [Zhuang et al. 2024], (3) reranking relevant docu-
ments ), (4) Answerability Detection, and (5) Specialized Guardrails.

2. Proposed Architecture
Our architecture operates in five stages (Figure 1): (1) reformulation, (2) diversifica-
tion, hybrid retrieval, (3) reranking, (4) answerability detection, and (5) generation with
guardrails.



(1) Reformulation - Query Rewriting with CoT. Context-dependent questions
lack information for retrieval. We use CoT prompting, where generating reasoning
steps improves LLM capabilities [Wei et al. 2022]. Our CoT maps coreferences to pre-
vious turns (N=3) and reformulates into self-contained queries [Wang and Zhou 2025,
Li et al. 2024]. Example: “and the headquarters address?” → “What is the address of
Apple’s headquarters?”.

(2) Multi-Query Diversification. We generate five queries [Breuer 2024]: (1)
original, (2) entity-focused, (3) action-focused, (4) paraphrased, (5) relation-focused
[Lee et al. 2024, Zhang et al. 2024]. Each retrieves top-10 documents (50 candidates
max), then reranking [Adeyemi et al. 2024, Reddy et al. 2024] selects top-5.

Figure 1. Pipeline: (1) CoT rewriting generates 5 queries, (2) hybrid BM25+Dense
retrieval (top-10/query), (3) reranking (top-5), (4) answerability classification, (5)
generation with guardrails.

(3) Hybrid Retrieval. Qdrant [Qdrant Team 2024] with: (1) BM25 for lexical
retrieval, (2) dense embeddings for semantic retrieval [Zhuang et al. 2024].

(4) Answerability Detection. GPT-4o-mini [OpenAI 2024] categorizes queries as
Answerable, Partial, or Unanswerable [Chen and Mueller 2024, Xia et al. 2025], per-
forming conditional actions [Shi et al. 2025, Song et al. 2024].

(5) Guardrails. Six modules ensure FANC [Katsis et al. 2025, Ye et al. 2024]:
answerability, ambiguity detection, coreference resolution, faithfulness, completeness,
premise correction [Bassani and Sanchez 2024, Rebedea et al. 2025].

3. Conclusion
This work proposed a modular architecture for multi-turn conversational RAG addressing
SemEval-2026 Task 8 [Katsis et al. 2026]. The contribution demonstrates how integrat-
ing query rewriting, multi-query diversification, hybrid retrieval, answerability detection,
and guardrails addresses conversational challenges effectively. Future work includes: (1)
ablation analysis, (2) fine-tuning for query rewriting, and (3) evaluation on RADBench
[Kuo et al. 2025] and iKAT [Aliannejadi et al. 2024].
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