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Abstract

This paper describes the system developed by
a team for the TUM practical course Human-
Centered Computing: applications in natural
language processing, network science, machine
learning, and Al for the SemEval MTRAG. Our
approach addresses the challenges of multi-turn
retrieval-augmented generation (RAG) by com-
bining context-aware query rewriting with a
dense retrieval strategy. We employ a pipeline
that cleanses noisy corpora and utilizes dense
OpenAl embeddings via Milvus for robust re-
trieval, and leverages Gemini 2.5 flash family
of models for standalone query generation and
final response synthesis. Our system demon-
strates the effectiveness of integrating high-
precision retrieval with fact-based generation
across diverse domains.

1 Introduction

Retrieval-augmented generation (RAG) has be-
come a standard to improve LLM reliabil-
ity(Karpukhin et al., 2020). However, evaluat-
ing these systems in multi-turn settings introduces
complexities such as non-standalone questions and
shifting conversation contexts. Recent work fur-
ther shows that combining retrieval, structured
knowledge, and LLLM reasoning improves inter-
pretability and robustness in knowledge-intensive
tasks (Kolli et al., 2025). To address these chal-
lenges, recent benchmarks such as MTRAG(Katsis
et al., 2025) and MTRAG-UN(Rosenthal et al.,
2026a) have been proposed to systematically evalu-
ate multi-turn RAG systems under realistic con-
versational conditions. SemEval-2026 task 8:
MTRAGEVval(Rosenthal et al., 2026b) benchmark
addresses this by providing 110 human-generated
conversations across four domains: CLAPNQ,
FiQA, Govt, and Cloud. We designed solutions
for all three subtasks: Retrieval (Subtask A), Gen-
eration (Subtask B), and the end-to-end Pipeline
(Subtask C).

Our main strategy relies on a rewrite-retrieve-
generate architecture. We first transform multi-
turn user turns into standalone queries using Gem-
ini 2.5 flash. We then perform retrieval using Ope-
nAl’s text-embedding-3-large dense embeddings.
Finally, we synthesize answers using a relevancy-
filtered generation process that prioritizes faithful-
ness to the retrieved context.

By participating in this shared task, we demon-
strated that our dense retrieval and Gemini-based
synthesis pipeline is highly effective for multi-turn
conversational RAG, consistently placing in the top
third of all submissions. In Subtask A (Retrieval),
our system achieved an nDCG@5 of 0.4883, rank-
ing 11th out of 38 teams and surpassing the pri-
mary ELSER-based baseline (0.4795). In Subtask
B (Generation), we secured 11th place among 26
teams with a harmonic mean score of 0.7453, sig-
nificantly outperforming the GPT-OSS-120b base-
line (0.639). Our end-to-end performance in Sub-
task C (Full RAG) was particularly competitive,
ranking 10th out of 29 participants with a score of
0.5421, exceeding the top-performing Qwen-30b-
a3b-thinking baseline (0.5366). These quantitative
results highlight the robustness of our contextual
rewriting module and its ability to maintain faith-
fulness across turns.

Our contributions are threefold:

* We demonstrate that few-shot LLM-based
contextual query rewriting substantially im-
proves dense retrieval performance in multi-
turn RAG.

* We introduce a lightweight LL.M-based rele-
vance filtering stage optimized specifically for
faithfulness metrics.

* We provide a systematic evaluation of rewrite—
retrieve—filter—generate pipelines under the
MTRAG benchmark.
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Our code is available  at:

github.com/mtrag-eval

publicly

2 Related Work

2.1 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) has
emerged as a robust paradigm for improving the
factual reliability of large language models by con-
ditioning generation on externally retrieved evi-
dence (Lewis et al., 2020). By integrating non-
parametric memory with generative models, RAG
systems reduce reliance on implicit parametric
knowledge and mitigate hallucinations. Early neu-
ral retrieval approaches such as Dense Passage
Retrieval (DPR) (Karpukhin et al., 2020) demon-
strated that dense retrievers outperform traditional
sparse methods like BM25 in open-domain ques-
tion answering by embedding queries and docu-
ments into a shared semantic space. Subsequent
work has explored late-interaction architectures
such as ColBERT (Khattab and Zaharia, 2020)
and hybrid dense-sparse retrieval methods (For-
mal et al., 2021), which combine lexical match-
ing with semantic similarity to improve robustness
across domains. These advances have established
dense retrieval as a strong backbone for knowledge-
intensive generation tasks, particularly when paired
with large language models. Unlike prior work fo-
cusing primarily on single-turn question answering,
our approach explicitly integrates contextual query
rewriting with dense retrieval under a shared-task
multi-turn evaluation setting.

2.2 Conversational and Multi-Turn Retrieval

Multi-turn retrieval introduces additional complex-
ity compared to single-turn question answering.
Conversational queries frequently contain ellip-
sis, pronouns, and implicit references to prior
turns, making them unsuitable for direct retrieval.
Elgohary et al. (Elgohary et al., 2019) intro-
duced the CANARD dataset to study question
rewriting in conversational QA, demonstrating that
reformulating context-dependent utterances into
standalone queries significantly improves down-
stream retrieval performance. The MTRAG bench-
mark (Katsis et al., 2025) highlights the impor-
tance of resolving conversational dependencies be-
fore retrieval in multi-domain settings. Our work
builds upon these findings by integrating few-shot
prompted rewriting into a dense retrieval pipeline.

2.3 Faithfulness and Hallucination Mitigation

Hallucination remains a central challenge in large
language model deployment. Studies on factual
consistency in generation tasks (??Uyiik et al.,
2024) have shown that generative models often pro-
duce plausible but unsupported statements when
insufficiently grounded in evidence. Retrieval aug-
mentation has been shown to reduce hallucinations
in dialogue and question answering systems (Shus-
ter et al., 2021). However, retrieval noise can still
propagate into generation if irrelevant passages are
included. Consequently several approaches intro-
duce reranking or filtering mechanisms to improve
evidence precision before generation. Our rele-
vance filtering module follows this line of work
by introducing an automated LLM-based docu-
ment scoring that selectively retains passages with
clear semantic overlap, explicitly optimizing for
faithfulness-oriented evaluation metrics.

3 Background

The MTRAG task utilizes four document corpora
(Katsis et al., 2025): Input consists of multi-turn

Corpus  Domain # of Passages
ClapNQ Wikipedia 183,408
FiQA Finance 61,022
Govt Government 49,607
Cloud Technical doc. 72,442

Table 1: Dataset overview

conversation histories where questions often refer
back to previous turns. Systems must output rel-
evant documents (Retrieval) or natural language
responses (Generation).

4 System Overview

Our system consists of four primary components:
query-rewriting, dense retrieval, relevance filtering,
and context-aware generation.

4.1 Query rewriting

In order to retrieve the best possible passages based
on the query we chose to rewrite the multi-turn con-
versation into a standalone and context independent
query, as shown to be effective by Ma et al.. There-
fore, we process the full dialogue, containing the
user turns and the generated answers. This substan-
tially improved the retrieval performance, as we
saw improvements of around 10%. This lifted our

1785


https://github.com/MaxiPodolsky/MTRAGEval

<

<

Data preparation

Subtask C

Retrieve passages

@

Figure 1: The full MTRAG pipeline

Multiturn Conversation

ﬁ (User + Assistant Turns)
Summarize Conversation

+ Rewrite Query *
ces \ Rewritten Standalone

Query
Figure 2: Query rewriting

retrieval Recall @5 results from 0.53 to 0.58 on
test data and made it compatible with top retrieval
methods.

We designed a query that instructs the LLM to take
a look at the full conversation history, resolve the
pronouns used, remove conversational fillers and
polite phrases and include relevant entities and de-
tails from the whole conversation. Lastly the LLM
should only return the rewritten query text which is
then passed to the retrieval (Figure 2). To improve
LLM performance we used few shot prompting,
providing two examples. If the question is the first
in the current dialogue, the LLLM was asked to re-
turn the query with no changes made to it.

4.2 Dense Retrieval

To retrieve semantically relevant passages from the
documents, we chose a dense similarity retrieval,
as it outperformed sparse retrieval consistently. We
embed the (rewritten) query with the same embed-
ding model we used for the initial embedding of
the passages, text-embedding-3-large by OpenAl.

This gave us a high dimensional vector embedding
of the query. Based on the collection specified by
the given query, we know in which of the four cor-
pora we need to look for the relevant passages. In
the corresponding collection we search the seman-
tically closest passages based on the inner product.

q-d=> qd
i=1

4.3 Relevance Filtering

Building on the previously described query rewrit-
ing process, the Subtask B pipeline is specifically
optimised to address the faithfulness score. Be-
cause irrelevant documents negatively influence
this score and increase the risk of model halluci-
nations, we implemented a rigorous filtering stage
using Gemini 2.5 flash. Each retrieved document is
evaluated on a 5-point relevance scale; only those
demonstrating clear topical overlap (score > 2) are
retained for the final response. This automated
filtering ensures the model generates a concise an-
swer strictly grounded in relevant evidence (Figure
3).

4.4 Answer Generation

In the context of retrieval-augmented generation
(RAG), we employ an enhanced query formulation
strategy that integrates the rewritten user query with
retrieved document passages. This combined rep-
resentation is subsequently utilized to perform the
generation task using the Gemini 2.5 Flash model.
The generated output must satisfy stringent feasibil-
ity criteria, which include demonstrating a compre-
hensive understanding of the user’s original intent
and ensuring strict fidelity to the content of the re-
trieved documents. If no or insufficient information
was retrieved to generate an answer, the system was
prompted to reply: "I don’t know".
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5 Experimental Setup
5.1 Data Splits

As we did not train a model on given data, the
given conversations were used for testing retrieval
performance. For generations tasks B and C, the
only option was to use LLM as a judge.

5.2 Models

For tasks involving LLMs we used gemini-2.5-flash
(Google, 2024). We utilised OpenAl embedding-3-
large (OpenAl, 2024) for embedding corpora and
queries.

5.3 Hyperparameters

For dense retrieval, we retrieve the top-k passages
with k£ = 5. Similarity is computed using the inner
product over embedding vectors. Query rewrit-
ing and answer generation are performed using
the gemini-2.5-flash model with default decoding
parameters provided by the API.No explicit temper-
ature, top-p, or maximum token limits were manu-
ally configured. In the relevance filtering stage, the
passages that receive a relevance score of > 2 are
retained. The threshold was empirically selected
to balance recall and faithfulness, ensuring that
clearly irrelevant documents are excluded while
preserving potentially useful contextual evidence.

5.4 Infrastructure and Cost

Vector storage and similarity are handled using
Milvus as the backend database. Embedding and
language model inference are conducted via API
access to proprietary models. All experiments

were performed without dedicated GPU infrastruc-
ture, relying instead on cloud-based inference end-
points. We acknowledge that reliance on propri-
etary APIs introduces constraints regarding repro-
ducibility and cost scalability. Future work could
explore open-weight alternatives to reduce finan-
cial and infrastructural barriers.

6 Results

Table 2 summarizes the performance of our pro-
posed system across three core evaluation tasks:
Retrieval (Task A), Generation (Task B), and
Retrieval-Augmented Generation (Task C). Our
model consistently outperformed the established
top-performing baselines in every category. Specif-
ically, in Task A, we achieved an nDCG@Q5 of
0.4883, placing 11th out of 38 participants and
surpassing the GPT-OSS-20b baseline. In Task B,
the system reached a harmonic mean of 0.7453,
showing a significant improvement over the 0.6390
baseline and ranking 11th out of 26. Finally, in
the integrated RAG task (Task C), our approach
attained a score of 0.5421, ranking 10th out of 29
submissions. These results demonstrate the robust-
ness of our framework, as it maintains competitive
performance and beats the Qwen-30b-a3b-thinking
baseline in complex, end-to-end RAG scenarios.

Table 2: Model Performance Comparison

Task Metric Score Rank
A: nDCG@5 0.4883 11/38
B: Harm. Mean™ 0.7453 11/26
C: Harm. Mean™ 0.5421 10/29

“Harmonic mean of RBagg, RLF, and RBjip,.

7 Discussion

Our findings reveal the intrinsic end-to-end sensitiv-
ity of Retrieval-Augmented Generation (RAG) sys-
tems, wherein overall performance depends criti-
cally on the synergistic interplay among all pipeline
components. Variations in query rewriting strate-
gies, ranking algorithms, and embedding model
selection—whether sparse or dense—can signif-
icantly influence downstream generation quality,
underscoring the necessity for holistic optimization
rather than isolated component tuning.

Notably, we observe that the OpenAl embed-
ding model achieves optimal retrieval performance
specifically when paired with Gemini-based query
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rewriting, suggesting an emergent complementarity
between these components.

Future research should extend benchmarking to
encompass additional sparse and dense embedding
models, while systematically evaluating diverse
LLMs to decouple their respective contributions
to query rewriting and final response generation.
Such investigations will inform more principled,
synergistic RAG architectures.

8 Limitations

Our approach relies heavily on proprietary large
language models for rewriting, filtering, and gener-
ation. As a result, full reproducibility depends on
continued API availability and consistent model be-
havior over time. While we conducted comparative
experiments with sparse and hybrid retrieval strate-
gies, dense retrieval consistently outperformed al-
ternative configurations within the MTRAG bench-
mark domains. However, our evaluation remains
limited to this specific shared-task setting. The rela-
tive performance of retrieval paradigms may differ
in other domains, languages, or document distribu-
tions. The relevance filtering stage introduces addi-
tional computational overhead and latency, which
may limit applicability in real-time settings. Fur-
thermore, although filtering improves faithfulness,
it may occasionally discard partially relevant doc-
uments, potentially reducing recall. Finally, our
system has not been evaluated under strict latency
or cost constraints, and no statistical significance
testing was conducted due to the evaluation frame-
work of the shared task.

9 Conclusion

The TUM-MTRAG system demonstrates that a ro-
bust multi-turn RAG pipeline requires more than
just high-capacity LLMs; it necessitates data clean-
ing, intelligent query rewriting to resolve conversa-
tional dependencies and an evaluation of retrieved
documents to reduce noise and hallucinations. We
developed a reliable pipeline, that remains heav-
ily dependent on LLM-usage and a models perfor-
mance though.

10 Ethical Considerations

Our system uses large proprietary language mod-
els, which may encode societal biases present in
their training data. Although our retrieval reduces
hallucinations, it does not fully eliminate potential
bias amplification during generation. The reliance

on external APIs raises concerns regarding trans-
parency, long-term accessibility, and environmental
cost associated with large-scale model inference.
Additionally, automated relevance filtering based
on LLM judgments may introduce unintended sys-
tematic biases in document selection. While our ap-
proach aims to improve factual reliability in multi-
turn RAG systems, users should remain aware that
generated outputs may still contain inaccuracies.
Deployment in high-stakes domains such as govern-
ment or finance should therefore include oversight
mechanisms.
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A LLM Prompt Templates

Al

Query Rewriting Prompt

Instructions:

A2

Rewrite the LAST USER turn into a
standalone, keyword-rich search
query.

- Use the full conversation history
(both user questions and
assistant responses) to
understand context.

- Resolve all pronouns (it, they,
that, this) using information
from previous turns.

- Remove conversational filler and
polite phrases.

- Include all relevant details and
entities mentioned in the
conversation.

- If the last turn is already

standalone, return it as-is.

- Output ONLY the rewritten query
text.

Examples:

Example 1:

1. User: "Who is the CEO of Google?”

2. Assistant: "Sundar Pichai is the
CEO of Google."

3. User: "When did he take over?”

Rewritten query: When did Sundar

Pichai become CEO of Google?

Example 2:

1. User: "What are dialog nodes?”

2. Assistant: "Dialog nodes are
various types including the
Welcome node and Anything else
node. You can create custom
nodes by adding a condition..."

3. User: "What are intents?”

4. Assistant: "Intents are the
purposes or goals expressed in a
customer's input, such as
answering a question or
processing a bill payment..."

5. User: "How is it created?”

Rewritten query: How is a dialog
node created?

Current Conversation:
{conversation_text}

Rewritten query:

nnn

Relevance Filtering Prompt

Evaluate the relevance of the
following Document to the User

Query.
Query: "{query}"
Document: "{text}"
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Relevance Scale:

1: Totally Unrelated - No topical
overlap.

2: Weakly Related - Mentions
keywords or broad context, but
no direct answer.

3: Partially Relevant - Provides

context that helps understand
the answer.

4: Relevant - Contains significant
pieces of the answer.

5: Highly Relevant - Directly and
fully addresses the query.

Instructions:

1. Provide the integer score.

2. Provide a brief one-sentence
reasoning.

Response Format:
Score: <integer>
Reasoning: <brief explanation>

nnn



