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Abstract

This paper presents our approach for the
SemEval-2026 Task 8: MTRAGEval (Subtask
B: Answer Generation), which challenges sys-
tems to generate faithful, extractive answers
to multi-turn questions based strictly on pro-
vided gold-standard reference passages. The
primary scientific challenge lies in maintain-
ing high faithfulness and structural consistency
while adapting to diverse answer styles across
a conversation, as systems must generate re-
sponses that vary significantly in length and
format without hallucinating. Conventional
reference-based generation methods often rely
on static prompting or greedy decoding, which
fail to capture these dynamic stylistic require-
ments and lack robustness against generation
noise. To address these limitations, we pro-
pose a Intent-Aware Parallel Generation and
Reranking System powered by a large language
model. Experimental results on the official
test set demonstrate the effectiveness of our
method, achieving competitive performance
comparable to SoTA baselines. Ultimately,
our approach secured the third place in the
competition. The code of the paper is avail-
able at: https://github.com/viaviachris/
SemEval-2026-Task8

1 Introduction

Retrieval-Augmented Generation has been widely
adopted to mitigate hallucinations in Large Lan-
guage Models (LLMs) by grounding responses in
external knowledge (Gao et al., 2024; Schick et al.,
2023). Building on our previous explorations into
fine-grained hallucination detection (Chen et al.,
2025), this work addresses a formidable challenge
that extends beyond single-turn interactions: main-
taining faithfulness and structural consistency in
multi-turn conversational scenarios (Adlakha et al.,
2022). To address this, the SemEval-2026 Task
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8 (MTRAGEval) is introduced as a comprehen-
sive benchmark (Katsis et al., 2025). Specifically,
Subtask B (Generation with Reference Passages)
requires systems to generate faithful, extractive an-
swers based strictly on provided gold-standard pas-
sages, spanning diverse domains such as Finance,
Government, and General Knowledge(Ghosh et al.,
2026).Compared to the standalone DeepSeek-V3
baseline without our tailored pipeline, the proposed
system achieves an absolute improvement of 8% in
ROUGE-1 and 9% in ROUGE-L, robustly demon-
strating the effectiveness of our architectural de-
sign.

The primary scientific problem inherent in this
task is stylistic adaptability under strict faithful-
ness constraints. User queries in a multi-turn con-
versation vary significantly in intent and required
answer format—ranging from concise factoid re-
sponses to exhaustive explanations. Consequently,
traditional generation systems often fail to adapt to
these dynamic requirements, leading to either over-
summarization (omitting critical details) or halluci-
nation (adding unsupported information) (Huang
et al., 2025).

Previously, generation tasks were predominantly
addressed using zero-shot prompting or static few-
shot learning. However, these static approaches fall
short in complex multi-turn settings: they fail to
capture the nuanced stylistic differences between
question types (e.g., "Yes/No" questions vs. "How-
to" procedures) and lack robustness against the gen-
eration noise inherent in stochastic LLMs. Further-
more, standard decoding strategies often rely on a
single generation pass, which may not guarantee
the optimal alignment with the provided evidence
(Wang et al., 2023a). To overcome these limita-
tions, a robust Intent-Aware Parallel Generation
and Reranking System is proposed in this paper.
This approach is designed to explicitly model the
relationship between question types and answer
styles, maximizing extractive precision through a
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multi-stage pipeline. Experimental results on the
MTRAGEval benchmark demonstrate that the pro-
posed method significantly outperforms baselines.
The effectiveness of adapting retrieval strategies to
question types and leveraging self-consistency for
reranking is verified.

The remainder of this paper is organized as fol-
lows. Section 2 reviews the related work. Section
3 introduces the proposed methodology and model
architecture. Section 4 presents the experimen-
tal setup, including datasets, evaluation metrics,
results, and ablation studies. Finally, Section 5
concludes the paper and outlines future work.

2 Related Work

Retrieval-Augmented Generation in Multi-Turn
QA. Retrieval-Augmented Generation (RAG) has
become the standard paradigm for knowledge-
intensive tasks. Traditional approaches to tasks
similar to Subtask B typically rely on zero-shot
prompting or static few-shot learning, directly con-
catenating dialogue history with retrieved docu-
ments(Jiang et al., 2024). However, these static
methods often struggle to adapt to the dynamic in-
tent shifts across different turns, leading to style
inconsistencies or failure to strictly adhere to the
provided evidence.

Hallucination Mitigation and Faithfulness. To
ensure strict faithfulness in generation, previous
works have explored various decoding and verifica-
tion strategies. Many conventional systems employ
greedy decoding for deterministic outputs, while
more advanced pipelines integrate self-reflection
or chain-of-verification to filter out hallucinated
content(Jiang et al., 2023). Despite these advance-
ments, standard generation passes often suffer from
stochastic noise(Manakul et al., 2023). Relying on
a single verification metric or a single decoding
pass limits the ability to maximize both extractive
precision and stylistic alignment(Asai et al.).

To address these limitations in multi-turn sce-
narios, we propose a Intent-Aware Parallel Genera-
tion and Reranking System. Unlike conventional
static methods, our approach leverages Intent-
Driven Template Retrieval combined with an LLM-
based parallel generation and reranking mechanism
(Wang et al., 2023a), effectively filtering out un-
faithful candidates while maintaining diverse con-
versational intents.

3 Intent-Aware Parallel Generation and
Reranking System

The overall architecture of our proposed approach
for the SemEval-2026 Task 8 (Subtask B) is il-
lustrated in Figure 1. To address the challenges
of stylistic diversity and faithfulness in multi-turn
question answering, a cascade pipeline named the
Intent-Aware Parallel Generation and Reranking
System is proposed (Khattab et al., 2024). As
shown in the figure, the framework is composed
of three integrated modules: (1) Intent-Driven
Template Retrieval, which selects style-consistent
few-shot examples based on the semantic intent
of the query (Ram et al., 2023); (2) LLM-Based
Parallel Generation, which utilizes a Large Lan-
guage Model (LLM) to sample multiple candidate
answers concurrently; and (3) Multi-Metric Self-
Consistency Reranking, which evaluates and se-
lects the most faithful response based on a weighted
ensemble of ROUGE metrics against the gold ref-
erence passages (Dhuliawala et al., 2024).

3.1 Intent-Driven Template Retrieval

This module first extracts the specific intent type
directly from the provided task metadata. Then, it
encodes the user query into a dense vector using
BGE-M3 (Chen et al., 2024) and retrieves a broader
set of semantically similar few-shot examples via
FAISS. Finally, a Question-Type Prioritized rerank-
ing mechanism is applied: it re-orders the retrieved
candidates to strictly prioritize examples that share
the exact same intent type as the current query.
These top-ranked examples subsequently serve as
precise structural and stylistic templates for the
generation module.

3.2 LLM-Based Parallel Generation

The retrieved examples, dialogue history, and
gold reference passages are concatenated into a
prompt for DeepSeek-V3 (DeepSeek-AI et al.,
2025). However, since concatenating extensive evi-
dence can lead to attention degradation over long
contexts (Liu et al., 2024), we mitigate this by em-
ploying parallel sampling with a non-zero tempera-
ture to generate multiple diverse candidate answers,
effectively expanding the solution space(Yao et al.,
2023).

3.3 Multi-Metric Self-Consistency Reranking

To guarantee strict faithfulness, this module evalu-
ates all generated candidates against the gold pas-
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sages using a weighted ensemble of ROUGE met-
rics, computed as follows:

Si = 0.35× ROUGE-1(Ci, R)

+ 0.35× ROUGE-2(Ci, R)

+ 0.30× ROUGE-L(Ci, R)

(1)

where R denotes the gold reference passages. The
candidate with the highest score is selected via
an argmax operation as the Final Faithful Answer.
This mechanism filters out hallucinated content and
prioritizes responses that maximize information
recall while maintaining the extractive style.

4 Experiments

Datasets. The proposed system was evaluated on
the MTRAG benchmark, a comprehensive dataset
designed for multi-turn retrieval-augmented gen-
eration. The benchmark covers four diverse do-
mains: Finance, Government, Medicine, and Gen-
eral Knowledge. Specifically for Subtask B (Gener-
ation with Reference Passages), the input for each
task consists of the full conversation history, the
current user query, and a set of gold-standard ref-
erence passages. The objective is to generate a
faithful and extractive answer based strictly on the
provided gold passages.
Evaluation Metrics. Following the official
SemEval-2026 Task 8(Rosenthal et al., 2026b),
three primary metrics were utilized to assess the
generation quality:

1. RBalg: A deterministic metric calculated as the
harmonic mean of BERT-Recall, ROUGE-L, and
BERT-K-Precision. This captures the lexical and
semantic overlap between the generated response
and the ground truth.

2. RBllm: A reference-based LLM judge adapted
from RAD-Bench, which evaluates the quality of
the answer given the reference.

3. RLf : The RAGAS Faithfulness LLM judge,
which assesses whether the generated claim is fully
grounded in the provided context, aligning with the
evidence-based verification paradigms explored in
our prior work (Deng et al., 2025).

All metrics are conditioned on an “IDK” clas-
sifier to penalize systems that attempt to answer
unanswerable queries (Rosenthal et al., 2026a).
While the official leaderboard employs LLM-based
judges for factual consistency (Gekhman et al.,

2023) and a composite metric, these are computa-
tionally expensive for iterative experiments. There-
fore, during the system development and ablation
studies (Section 3.4), we utilized standard ROUGE-
1, ROUGE-2, ROUGE-L, and BLEU-4 as efficient
proxy metrics. Given that the official compos-
ite metric explicitly incorporates ROUGE-L, these
proxy metrics serve as reliable indicators of extrac-
tive quality and content overlap.
Implementation Details. To validate the effec-
tiveness of our proposed mechanism, we bench-
mark against several representative reference-based
generation strategies. The primary baseline is the
Zero-Shot Generation setting adopted by official
MTRAG models, which relies solely on instruc-
tion following without in-context examples (Wang
et al., 2023b). We also compare against Static Few-
Shot strategies that lack adaptability to diverse di-
alogue scenarios, and Naive Dynamic Few-Shot
approaches that utilize semantic retrieval but ne-
glect data cleaning and question-type constraints.
Furthermore, to assess the contribution of our self-
consistency module, we include Single Decoding
and Single-Metric Reranking as ablation baselines.

Addressing the limitations of these baselines, our
system implements a rigorous Data Preprocessing
pipeline—applied to both index construction and
evaluation—that standardizes refusal responses, re-
moves citation markers, and normalizes formatting
to ensure consistency. Specifically, the FAISS ex-
ample pool was constructed using the curated tasks
derived from the trial data. Building on this, the
Retrieval Module employs BAAI/bge-m3 with a
FAISS index to retrieve few-shot examples, utiliz-
ing a Question-Type Prioritized strategy to enhance
style adaptability. During inference, the generation
prompt was systematically structured to concate-
nate the system instruction, the retrieved top-k in-
context examples, the dialogue history, and the gold
reference passages. Additionally, to align with the
“IDK” classifier condition in the official evaluation,
the model was explicitly prompted to output a stan-
dardized refusal if the provided passages lacked
sufficient evidence to answer the query.

The Generation Module utilizes DeepSeek-V3
with a maximum context of 16,000 tokens (up
to 5 reference passages) and a 512-token output
limit to encourage conciseness. Finally, in the
Self-Consistency phase, we generate N = 3 par-
allel candidates with a temperature of 0.7 (Top-
p = 1.0) and select the final output using a
weighted ROUGE scoring mechanism, which math-
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Figure 1: Intent-Aware Parallel Generation and Reranking System

Few-Shot (k) ROUGE-1 ROUGE-2 ROUGE-L

1 0.4184 0.2076 0.3020
2 0.4181 0.2074 0.3018
3 0.4685 0.2933 0.3664

Table 1: Impact of the number of retrieved few-shot
examples (k) on generation performance.

ematically assigns weights of 0.35 to ROUGE-1,
0.35 to ROUGE-2, and 0.30 to ROUGE-L to maxi-
mize extractive precision.
Hyperparameter Tuning. We conducted hyperpa-
rameter tuning and ablation studies on the valida-
tion set to determine the optimal configuration and
quantify module contributions.

1. Few-Shot Example Size (k): Evaluating k ∈
{1, 2, 3} (Table 1) revealed that k = 1 or k = 2
yielded suboptimal ROUGE-1 scores of approxi-
mately 0.418, often producing overly concise re-
sponses lacking stylistic diversity. Increasing to
k = 3 substantially improved ROUGE-1 to 0.4685
and ROUGE-L to 0.3664. This indicates k = 3
optimally balances stylistic guidance and context
limits without introducing distracting noise.

2. Sampling Temperature (T ) and Candidate
Size (N ): To maximize the efficacy of the paral-
lel generation module, we explored the trade-off
between output diversity and hallucination risks.
Greedy decoding (T = 0) restricted the solution
space, while excessively high temperatures (T >
0.8) introduced unacceptable generation noise. We
empirically established that setting T = 0.7 with
parallel candidates N = 3 provides sufficient struc-

tural variance for the reranking phase without in-
curring prohibitive computational overhead.

3. System Ablation: Table 2 details the perfor-
mance gains of each core module. From a naïve
few-shot baseline (k = 2, greedy decoding;
ROUGE-1: 0.418, BLEU-4: 0.089), introducing
question-type constraints and k = 3 improved
ROUGE-1 to 0.445 and sharply increased BLEU-4
to 0.148, proving the necessity of structural guid-
ance. Enabling parallel sampling (N = 3) lever-
aged model stochasticity to explore a broader solu-
tion space, pushing ROUGE-1 to 0.460. Finally, ap-
plying multi-metric weighted reranking yielded the
optimal performance (ROUGE-1: 0.469, ROUGE-
L: 0.366). This progressive trajectory confirms
that extractive overlap-based filtering effectively
mitigates generation noise and hallucinations.

Comparative Results. To rigorously evaluate the
efficacy of our proposed Intent-Aware Parallel Gen-
eration and Reranking System, we benchmarked
its performance against top-tier official baselines,
including GPT-4o and Llama 3.1 405B. In Table 3,
experimental results demonstrate that our system
achieved a substantial advantage across all key eval-
uation metrics.

Specifically, attributed to the effective suppres-
sion of hallucinations by the Multi-Metric Self-
Consistency Reranking mechanism, our model at-
tained a Faithfulness score (RLF ) of 0.87, sig-
nificantly surpassing both GPT-4o (0.76) and
Llama 3.1 405B (0.75). Regarding answer quality
(RBllm), our system achieved a remarkable score
of 0.88, significantly outperforming all baselines
(where the top performance was only 0.76). This

946



Method Strategy Few-Shot(k) Self-Consist ROUGE-1 ROUGE-L BLEU-4

Baseline(Naïve Few-Shot) 3 - 0.418 0.302 0.089
+ Constraints 3 - 0.445 0.353 0.148
+ Self Consistency 3 3 0.460 0.362 0.147
+ Weighted Reranking (Ours) 3 3 0.469 0.366 0.148

Table 2: Ablation study of the proposed Intent-Aware Parallel Generation and Reranking System.

Model RLF RBllm RBalg

GPT-4o 0.76 0.76 0.45
Llama 3.1 405B 0.75 0.74 0.48
Llama 3.1 8B 0.55 0.59 0.37
Our System (base DeepSeek-V3) 0.87 0.88 0.64

Table 3: Main evaluation results of the proposed system
against official baselines.

System Harmonic Mean

Top Performing Team 0.7827
Our System (3rd Place) 0.7684
Official Baseline (gpt-oss-120b) 0.6390

Table 4: Comparison of overall performance (Harmonic
Mean) on Subtask B.

evidences the success of our Dynamic Retrieval
strategy in capturing subtle stylistic nuances and
adapting smoothly to shifting user intents across
multiple conversational turns.

Furthermore, in terms of lexical overlap (RBalg),
we maintained a commanding lead with a score
of 0.64, compared to 0.48 for Llama 3.1 405B.
This substantial margin highlights a common lim-
itation in conventional LLMs, which frequently
default to abstractive paraphrasing. In contrast, our
pipeline strictly enforces the extractive constraints
of the task, preserving the exact phrasing of the
evidence. As shown in Table 4, in the final com-
petition submission results, our system achieved
a significant improvement compared to the offi-
cial top-performing baseline, gpt-oss-120b. These
results strongly confirm that our specialized Dy-
namic Few-Shot and Reranking pipeline enables
the system to outperform both proprietary and ultra-
large-scale open-source models.
Discussion. Experiments on reference-based gen-
eration show that explicit verification is essential
for high-fidelity outputs, regardless of model ar-
chitecture. On the dev set, our system achieves
0.87 faithfulness, indicating that multi-metric self-
consistency reranking effectively filters hallucina-

tions via strict alignment with the provided pas-
sages, akin to internal feedback mechanisms in
recent autonomous agents. (Shinn et al., 2023).
Most notably, in the final official blind evaluation,
our system demonstrated exceptional generaliza-
tion by achieving an even higher state-of-the-art
faithfulness score of 0.8974.

A high Answer Quality score (0.81) shows that
intent-driven template retrieval effectively miti-
gates stylistic drift in multi-turn interactions and
improves structural modeling. The reranking re-
sults further indicate that weighted lexical metrics
provide an efficient proxy for LLM-based judges,
strictly penalizing ungrounded generation. Al-
though parallel sampling (N = 3) introduces some
latency, the gains in response trustworthiness jus-
tify the trade-off; future work will explore query-
aware dynamic sampling to improve efficiency.

5 Conclusions

In this work, we proposed the Intent-Aware Parallel
Generation and Reranking System for SemEval-
2026 Task 8 (Subtask B), integrating Intent-Driven
Template Retrieval with a robust Multi-Metric
Reranking mechanism to mitigate hallucinations in
reference-based generation. By explicitly model-
ing conversational intent and applying extractive
overlap-based filtering, our pipeline successfully
navigates the complex stylistic demands of multi-
turn dialogues while preventing generative drift. By
enforcing strict extractive consistency between gen-
erated responses and gold passages, our approach
achieved remarkable success on the official leader-
board, securing the 3rd rank out of 26 teams with
a harmonic mean score of 0.7684. Notably, our
system surpassed the top official baseline by a sig-
nificant margin of +0.1294 and achieved a state-of-
the-art Faithfulness Score (RLF ) of 0.8974. Fu-
ture work will focus on distilling these reranking
capabilities into a single-pass model and exploring
dynamic sampling strategies to optimize inference
efficiency without sacrificing generation fidelity.
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