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Abstract

This report describes our participation in
SemEval-2026 Task 8 on multi-turn retrieval
and question answering. The task evalu-
ates conversational systems across four do-
mains (finance, cloud documentation, govern-
ment, Wikipedia), and includes unanswerable
queries where the available collection does
not contain sufficient evidence to produce a
complete response. We propose a multi-turn
retrieval-augmented generation (RAG) pipeline
that combines learned sparse retrieval with
LLM-based reranking and generation. Using
sparse retrieval as the primary retrieval method,
we leverage its strong generalization across do-
mains. In addition, we make use of the long-
context capabilities of LLMs for conversational
query rewriting, pointwise and listwise rerank-
ing, and generating the final response, each
conditioned on the full conversational history.
This multi-step design enables effective inte-
gration of conversational context throughout
retrieval and generation, improving robustness
across domains.

1 Introduction

SemEval-2026 Shared Task 8 is based on the Multi-
Turn RAG (MTRAGEval) benchmark (Rosen-
thal et al., 2026b,a), which evaluates conversa-
tional search and question answering (QA) sys-
tems across multi-turn interactions. The bench-
mark focuses on complex information needs arising
in dialogue, where conversational context evolves
and may introduce topic shifts, ambiguity, and
noisy historical information that systems must re-
solve (Laban et al., 2026; Radlinski and Craswell,
2017). In addition, the task is motivated by the
increasing role of LL.Ms as information access in-
terfaces (Chatterji et al., 2025; Dalton et al., 2022).
Systems are required not only to retrieve and syn-
thesize evidence across multiple turns, but also to
recognize and appropriately handle unanswerable

or underspecified queries when insufficient sup-
porting information is available. This includes the
ability to signal uncertainty or request clarification
when needed.

Our approach follows a multi-stage retrieval-
augmented generation (RAG) pipeline combining
conversational query rewriting, learned sparse re-
trieval (LSR), and LLM-based reranking. We first
rewrite the latest user utterance into a standalone
query using the full conversation history (Elgohary
et al., 2019). The rewritten query is then used for
retrieval with LSR (Zamani et al., 2018; Nguyen
et al., 2023), which integrates neural semantic rep-
resentations with lexical sparsity to provide robust
cross-domain generalization (Formal et al., 2021).
An initial reranking stage selects a set of candidate
passages, which are subsequently refined through
LLM-based listwise reranking that leverages the
full conversational context for finer-grained evi-
dence selection (Sun et al., 2023). Finally, the
top-ranked passages are used to generate responses
in a zero-shot RAG setting (Gao et al., 2023).

Participation in the shared task provides several
insights. Our system demonstrates strong retrieval
effectiveness, ranking 2nd out of 38 teams with
an nDCG @S5 score of 0.5475. Performance varies
across domains, with the finance domain proving
the most challenging and the Wikipedia-based do-
main the easiest. In contrast, generation perfor-
mance is lower (23/26 and 20/29), primarily be-
cause our submission does not explicitly model
unanswerable scenarios. Nevertheless, qualitative
analysis shows that the system remains faithful
when evidence from the collection is insufficient.

2 Background

Conversational search and QA have been studied
through several shared tasks (Dalton et al., 2020;
Aliannejadi et al., 2024; Abbasiantaeb et al., 2025;
Gohsen et al., 2025) and offline datasets (Anantha
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et al., 2021; Adlakha et al., 2022), but most exist-
ing resources focus primarily on general domains
(where LLMs can often rely on parametric knowl-
edge) or focus on different aspects of the evaluation
(e.g. personalization). In contrast, the MTRAG
benchmark emphasizes domain-specific collections
(FiQA (Maia et al., 2018), ClapNQ (Rosenthal
et al., 2025), and two novel collections on Cloud
documentation and government, all in English). It
also explicitly evaluates unanswerable scenarios
and response faithfulness, placing stronger require-
ments on retrieval and grounding (Es et al., 2024).
The organizers defined three sub-tasks. Task A
focuses on conversational search. Task C evalu-
ates response generation in a standard RAG setting,
where answers are generated from retrieved pas-
sages. Finally, Task B serves as an oracle RAG,
where the response generation system has access
to gold-labeled passages.

Query rewriting is a dominant paradigm in con-
versational QA, reformulating context-dependent
utterances into standalone queries compatible with
standard retrieval models (Vakulenko et al., 2021),
further enhanced now with the use of LLMs (Mao
etal., 2023; Mo et al., 2024; Lupart et al., 2025b,c¢).
Unified approaches that jointly model retrieval and
reasoning have also been proposed (Mo et al., 2025;
Abbasiantaeb et al., 2024; Lupart et al., 2025a; Mo
et al., 2026), but they typically require substantial
supervised data. We therefore adopt a zero-shot
rewriting and RAG-based strategy. More complex
RAG strategies could also be combined with query
decomposition and self-reflection over retrieved
passages (Yao et al., 2022; Asai et al., 2023; Trivedi
et al., 2023), but we did not explore them in our
submission.

3 System Overview

Our system implements a multi-stage cascading
RAG pipeline combining LLM-based conversa-
tional query rewriting, learned sparse retrieval,
pointwise and LLM listwise reranking, and final
response generation. Figure 1 presents the overall
architecture, and each component is detailed be-
low. The overall idea is to use a cascading ranking
pipeline, with an effective method for retrieval, and
then more expensive ranking approaches on the
top retrieved passages for a more fine-grained final
ranking.

Query Rewriting. We first apply LLM-based con-
versational query rewriting to transform the context-
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Figure 1: Overview of our submission. Early stages rely
on query rewriting, while later stages leverage the full
conversation history for more fine-grained processing.

dependent user utterance into a standalone query.
Query rewriting enables the use of standard re-
trieval models by resolving anaphora and ellipsis
while preserving the primary information need ex-
pressed in the dialogue. Below is the same example
from the MTRAG paper (Rosenthal et al., 2026b):

User: Who is the CEO of Apple Inc.?
Agent: The CEO of Apple Inc. is Tim Cook.
User: its address?

[Rewriting] What is the address of Apple Inc?

Retrieval and Initial Reranking. The rewritten
query is used for retrieval with the first-stage re-
trieval model, LION-SP (Zeng et al., 2025), an LSR
model trained on an LLM backbone. LION-SP,
similar to SPLADE (Formal et al., 2022) combines
neural semantic modeling with lexical sparsity, pro-
viding strong out-of-domain generalization while
remaining compatible with efficient inverted-index
search. This reduces the candidate set from the full
collection to the top 1000 passages, which is then
reranked with a pointwise reranking stage to obtain
the top 20 passages.

Listwise Conversational Reranking. While
rewriting improves retrieval compatibility, it com-
presses conversational context and may omit con-
straints or information introduced in earlier turns.
To reintroduce this context, we perform a second
reranking stage using LLM-based listwise ranking
conditioned on the full dialogue history (Sun et al.,
2023). This stage jointly compares candidate pas-
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Task A - Retrieval

nDCG

@1 @5%* @10
(best baseline) GPT-OSS-20b QR + ELSER - 0.4795 -
LSR w/ LION-SP-8B (retrieval) 0.4910 0.4841 0.5343
+ Qwen3-Reranker-8B (pointwise) 0.5120 0.5477 0.5921
+ GPT-4.1 Listwise Reranking (t) 0.5331 0.5475 0.5943

(Rank 2 out of 38)

Table 1: Retrieval performance of our submission on Task A of the MT-RAG SemEval 2026 MTRAG Task 8. We
include ablations of the different steps of our pipeline and the best baseline from the organizer (GPT-OSS query
rewriting with dense retrieval). () denotes our submission uva-1. (*) denotes the official metric used to compare

participants.

sages and reorders the top 20 results into a final
top 10, enabling finer-grained, context-aware evi-
dence selection prior to generation. We only apply
listwise reranking on a shorter retrieved passage
list since usual context windows do not allow for
including the full 100 or 1000 passages at once.
By passing the top 20 we ensure that the model
focuses on the most relevant passages, improving
precision.

Response Generation. Finally, the top 5 ranked
passages are provided to an LLM for response gen-
eration in a zero-shot retrieval-augmented genera-
tion setting (Gao et al., 2023). Limiting generation
to the highest-ranked evidence reduces noise while
preserving sufficient contextual coverage. The
model conditions on both the selected passages and
the full conversation history to produce grounded,
context-aware answers.

4 Experimental setup

For retrieval, we use an LSR model, Lion-SP-
8B! (Zeng et al., 2025). For initial pointwise
reranking, we employ Qwen3-Reranker-8B? (Yang
et al., 2025), a large LLM-based reranker. The
second-stage listwise reranking is performed using
GPT-4.1 (Achiam et al., 2023), which is also used
for final response generation. We relied on GPT-
4.1, as the strongest non-reasoning model from
OpenAl, achieving high performances on other con-
versational shared tasks (Aliannejadi et al., 2024).

Query rewriting, response generation and list-
wise reranking components are used in a zero-shot
setting without task-specific fine-tuning. Similarly,
retrieval models are only trained on MSMARCO,

"hzeng/Lion-SP-8B-1lama3-marco-mntp
2Qwen/Qwen3—Reranker—SB

Task A - . IBM
Retrieval ClapNQ = FiQA  Govt Cloud
uva-1 (ours)  0.645 0.330 0.587 0.552
nb. turns (84) 59) (106) (87)

Table 2: nDCG @5 retrieval performance of our submis-
sion on the four domains of MTRAG.

but not finetuned for the specific domains of the
task. Inverted index search is implemented with the
Seismic library (Bruch et al., 2024), enabling effi-
cient search over sparse representations. We apply
representation pruning with query and document
thresholds of (400, 600) to balance effectiveness
and efficiency (although retrieval is not the effi-
ciency bottleneck of the method).

For the retrieval track, systems are evaluated us-
ing nDCG (Jarvelin and Kekélidinen, 2000), with
nDCG@5 as the main metric. For response genera-
tion, the organizers reported three metrics: RBg,
the harmonic mean of BERT-Recall, BERT-K-
Precision, and ROUGE-L (Adlakha et al., 2024),
RBym, an LLM-based evaluation metric (Kuo
et al., 2025), and RLg measuring faithfulness us-
ing the RAGAS framework (Es et al., 2024). They
also computed the harmonic mean of these three to-
gether to rank participants’ submissions (H.Avg).
The organizers also split turns into answerable, par-
tially answerable and unanswerable, based on the
passage assessment made on the collection.

Overall the dataset contains 332 turns evaluated
for retrieval, resp. 84, 59, 106 and 87 turns on
ClapNQ, FiQA, GovT and IBM-Cloud subsets.
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hzeng/Lion-SP-8B-llama3-marco-mntp
Qwen/Qwen3-Reranker-8B

System IDK -Conditoned* Not Conditioned

RB_agg RB_lIlm RL_F H.Avg* | RB_agg RB_llm RL_F H. Avg
Task B - Generation w/ Oracle Retrieval
uva-oracle | 0.3683  0.6807  0.5981 0.5123 | 0.3590 0.8280 0.5899 0.5274
(Rank 23 out of 26)
Task C - Generation w/ Predicted Retrieval
uva-rag 0.3197  0.6538  0.6626 0.4865 | 0.3455 0.8332 0.8035 0.5619
(Rank 20 out of 29)

Table 3: Response generation performance of our submission on Task B and C of the MT-RAG SemEval 2026
MTRAG Task 8 (uva-oracle and uva-rag). (*) denotes the official metric used to compare participants (IDK-

Conditioned H.Avg).

5 Results

Task A - Retrieval. Table 1 reports the retrieval
performance of our submission. To better isolate
the contribution of each component, we analyze
the retrieval and reranking stages separately.

The main performance gains stem from the re-
trieval stage and the first (pointwise) reranking step.
This implies that query rewriting with GPT-4.1 al-
ready provides a strong foundation. Our retrieval
alone also achieves an nDCG@5 of 0.4841, which
surpasses the official baseline based on GPT-OSS-
20B query rewriting combined with ELSER, which
reports an nDCG @5 of 0.4795. While this com-
parison suggests the strength of our rewriting and
retrieval setup, the recall@ 1000 of the baseline sys-
tem is not reported, which limits deeper analysis of
candidate coverage.

Using LION-SP-8B retrieval alone yields a
strong nDCG@1 of 0.4910. The subsequent point-
wise reranking step improves early precision by
+2.1 nDCG@1 points. Finally, the listwise LLM
reranking stage provides an additional +2.1 point
gain at rank 1. Notably, this second reranking stage
primarily benefits top-ranked results (nDCG@1),
while yielding only marginal improvements at
nDCG@5 and nDCG@10. Overall, our final
nDCG@5 of 0.5475 places our system 2nd out
of 38 submissions, with nDCG@35 serving as the
official evaluation metric of the shared task.

Domain-Specific Results. We then report in Ta-
ble 2 the performance of our submission across
domains. Consistent with observations from the
original MT-RAG benchmark, FiQA emerges as
the most challenging collection among the four do-
mains. Compared to the others, performance on

0.8 Il Answerable
Partial
| mmm Unanswerable

0.6
o
S
» 0.44
0.2
0.0-
RB_agg RB_IIm RL_F
(Lexical) (LLM-as-Judge)  (Faithfulness)

Figure 2: Response generation performance for different
levels of answerability.

FiQA is approximately half as high. Despite this
relative drop, the results remain competitive. On
average, the first relevant passage for FiQA appears
at rank 3, whereas for the other domains it appears
around rank 2. This indicates that, although rank-
ing quality is lower for FiQA, relevant evidence is
still retrieved early in the ranked list.

Task B & C - Response Generation. Table 3
presents the performance of our RAG submissions
using two answer quality metrics (RB_agg and
RB_lIm), a faithfulness metric (RL_F), and their
harmonic mean (H. Avg.). Results are presented
separately for Task B and Task C. The official
scores correspond to the evaluation conditioned
on the IDK judge (left side of the table), which
excludes underspecified turns.

Task C reflects a standard RAG setting: we use
the retrieved passages from our Task A submission
(uva-1) as context to generate answers within the
conversational setting (uva-rag). In contrast, Task
B serves as an oracle upper bound, where the gen-
eration model receives gold passages as context
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Figure 3: Retrieval and response generation correlation
on partial and answerable turns. Pearson values for
RB_agg, RB_llm and RL_F are 0.48, 0.41 and 0.08.

(uva-oracle). As expected, the oracle configura-
tion achieves higher answer quality scores, indicat-
ing that access to gold evidence improves content
relevance and completeness. However, our RAG
pipeline achieves higher faithfulness (RL_F). We
attribute this to the alignment between the rerank-
ing step and the final answer generation model, as
both rely on the same LLM. In the oracle setting, al-
though gold passages are provided, the generation
model may selectively omit parts of the evidence
or filter information it deems less relevant, which
can reduce faithfulness.

Partial and Non-Answerable Turns. The orga-
nizers annotated a subset of turns as either non-
answerable or partially answerable, requiring sys-
tems to explicitly identify underspecified cases.
This results in two versions of each metric: the
conditional variant (_idk_underspecified) and the
original, unconditioned scores (the right section of
Table 3 reports the latter). When not conditioning
on the IDK judgment, performance increases sub-
stantially. In particular, the harmonic mean reaches
0.5619, representing an 8-point improvement over
the conditioned evaluation. Under this setup, our
RAG pipeline (Task C) outperforms the oracle con-
figuration (Task B), which further emphasizes the
strength of our retrieval component. Notably, we
observe a faithfulness score of 0.8035, indicating
strong alignment between generated answers and
retrieved evidence.

Figure 2 further breaks down performance
across answerable, partially answerable, and
non-answerable subsets (without IDK condition-

—e— Task A: uva-1
n=29 n=12

2 4 6 8
Conversation depth

Figure 4: Retrieval Performance at varying depths.
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Figure 5: Response Generation at varying depths.

ing). While answer quality metrics (RB_agg and
RB_llm) decrease for partially or non-answerable
turns, the model remains relatively faithful even
for unanswerable questions. This suggests that, al-
though content completeness is affected, the system
generally avoids hallucinating unsupported infor-
mation. We did not explore in more detail why our
submission achieved such a high faithfulness, this
could be attributed to a conservative prompt for the
RAG component. For more details, prompts of our
submission are included in Appendix A.

Correlation Retrieval and Response Generation.
Figure 3 illustrates the relationship between re-
trieval effectiveness and response generation qual-
ity. For this analysis, we consider only answerable
and partially answerable turns, and report results
without conditioning on the IDK judge. We observe
a positive correlation, with a Pearson correlation
between retrieval and generation metrics of 0.46, in-
dicating that strong retrieval is generally associated
with improved response quality. When computing
the Pearson correlation between nDCG@ 10 and
each generation metric individually, we find that
the reference-based metrics (RB_agg and RB_IIm)
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exhibit positive correlation with retrieval effective-
ness. In contrast, faithfulness (RL_F) shows no
correlation with nDCG@5. This is expected, as
faithfulness measures alignment with the provided
evidence rather than agreement with a gold refer-
ence answer, and is therefore less directly depen-
dent on retrieval ranking quality.

Performance by Conversation Depth. Finally,
we analyze performance as a function of conver-
sational depth across all tasks. For retrieval (Task
A), Figure 4 shows no clear degradation as depth
increases, suggesting that the query rewriting and
retrieval components handle longer conversational
histories consistently. In contrast, for response
generation (Tasks B and C), Figure 5 reveals a
performance decline with increasing depth. For
generations, we report the harmonic mean of the
reference-based metrics only (excluding faithful-
ness), as we assume faithfulness to be independent
of conversational depth.

6 Conclusion

We present in this report an effective ranking
pipeline for conversational search that combines
query rewriting and full conversation context mod-
eling with a learned sparse retrieval backbone. Our
analysis further shows a positive correlation be-
tween retrieval effectiveness and response quality,
confirming the importance of ranking for down-
stream generation. At the same time, faithfulness
appears less directly tied to retrieval metrics, high-
lighting its distinct role in evaluating grounded re-
sponses. We also observe that our submitted sys-
tem remained largely faithful even in challenging
cases. Although performance on reference-based
metrics decreases for partially or non-answerable
queries, the system generally avoids introducing
unsupported information, even if it does not always
explicitly acknowledge missing knowledge.
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A Prompts

We provide in this section the detailed prompts
we used for our submission, including LLM query
rewriting, listwise LLM reranking and response
generation. All prompts were used on GPT-4.1.

You are a query rewriting model for
conversational information retrieval.
Rewrite ONLY the final user turn into a
single, standalone search query. Use earlier
turns ONLY to resolve references, ellipsis,
and ambiguity.

Guidelines:

- Maximize lexical clarity and keyword recall.
- Prefer explicit noun phrases over pronouns.
- Preserve important domain terms from all
turns.

- Do NOT answer the question.

Do NOT add new facts or assumptions.

- Do NOT explain or comment.

- Output exactly one query.

Output ONLY the rewritten query text.
Conversation: {conversation_text}
Rewrite the last user message into a
standalone query.

Last user message: {last_user_utterance}

Table 4: Query Rewriting prompt to obtain a single
standalone query from a full context conversation.

You are an expert relevance judge for
conversational search.
Conversation: {conversation_text}

Task:

Rank the following passages by how useful they
are for answering the user's current
information need. The full conversation
provides context, but prioritize the latest
user turn.

Guidelines:

- Prefer passages that directly answer the
current user need.

- Use earlier turns only to resolve references
or constraints.

- Penalize passages relevant only to earlier
turns.

- Do NOT generate an answer.

Passages: {top20_retrieved_text}

Return exactly 10 passage labels ranked from
best to worst, using only labels (D1..D20).
Example: D1 > D20 > D7 > ... > D14

Table 5: LLM Listwise reranking prompt.

You are a conversational question answering
assistant. Use the conversation history to
understand context and intent. Answer the LAST
user question using the information in the
documents. Answer in maximum 256 tokens.

Conversation: {conversation_text}
Retrieved Documents: {top5_retrieved_text}

Table 6: Response Generation with RAG prompt.
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