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Abstract

This paper presents the IIMAS-RAG system
submitted to SemEval-2026 Task 8, which eval-
uates multi-turn retrieval-augmented genera-
tion (RAG) conversations. Our system is a
modular pipeline composed of three stages:
(1) LLM-based query rewriting to transform
conversational history into standalone queries,
(2) hybrid sparse–dense retrieval combining
SPLADE and Voyage-3-large via Reciprocal
Rank Fusion (RRF), and (3) answerability-
conditioned generation using GPT-4.1. In Sub-
task A (Retrieval), our system ranked 4th out
of 38 teams (nDCG@5 = 0.5445), demonstrat-
ing the robustness of the hybrid retrieval strat-
egy in specialized domains. On Subtask C
(Full RAG), we ranked 13th out of 29 teams
(composite = 0.5397). Ablation experiments
show that LLM-based query rewriting is the
main driver of retrieval performance, yield-
ing a +16.3% relative gain in nDCG@10 over
the hybrid baseline without rewriting, while
domain-specific prompt variants provide only
localized gains on specialized corpora. Gen-
erative performance remains sensitive to low-
context and partially answerable turns, where
the user query lacks sufficient grounding infor-
mation and the model struggles to either abstain
or provide a properly qualified partial answer,
explaining the performance gap between re-
trieval and final synthesis. Our code is available
at https://github.com/PLN-disca-iimas/
mtrag_semeval2026.

1 Introduction

This paper presents our participation in the
SemEval-2026 Task 8: Evaluating Multi-Turn
RAG Conversations (MTRAGEval), a shared task
designed to advance the state of conversational AI
systems that combine information retrieval with

large language model (LLM) generation (Katsis
et al., 2025). The task addresses a critical chal-
lenge in modern AI assistants: providing trust-
worthy, evidence-grounded responses in multi-turn
conversations where users build upon previous ex-
changes to seek information. The task is orga-
nized into three subtasks: Subtask A (Retrieval)
focuses on identifying relevant passages for a given
conversation turn; Subtask B (Generation with
Reference Passages) evaluates answer generation
when gold-standard passages are provided; and
Subtask C (Full RAG) requires systems to first re-
trieve passages and then generate answers based
on those retrieved passages. These tasks cover
English-language conversations, drawing on the
MTRAGEval benchmark across four domains as
described in Rosenthal et al. (2026a).

Our approach employs a modular, multi-stage
pipeline designed to address the challenges of con-
versational RAG. For retrieval (Subtask A and
the retrieval component of Subtask C), we imple-
mented a hybrid retrieval strategy that combines
sparse and dense representations with query rewrit-
ing. Recognizing that conversational queries of-
ten contain coreferences and elisions that degrade
retrieval performance when used directly, we first
employ an LLM to rewrite each conversational turn
into a standalone, self-contained query. This rewrit-
ten query is then used to retrieve candidate passages
using two complementary approaches: SPLADE
(Formal et al., 2021), and Voyage-3-large (Voyage
AI, 2025). The resulting ranked lists are fused us-
ing Reciprocal Rank Fusion (RRF) to produce a
unified ranking, from which we select the top-k
passages. Each domain was indexed independently,
resulting in four separate retrieval indices.

For the generation components (Subtasks B
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and C), we developed a pipeline that incorpo-
rates answerability classification as a critical pre-
processing step. During development, we lever-
aged the reference training data, which provides
gold-standard passages and target answers, to cal-
ibrate our generator prompts and establish the ex-
pected answer style, verbosity, and level of de-
tail. At inference time, the system first evaluates
whether the current question can be answered us-
ing only the retrieved evidence and conversation
history. We implemented a precision-focused clas-
sifier using Command-A-03-2025 (Cohere, 2025)
that analyzes the retrieved context, dialogue his-
tory, and current question to output one of four
labels: ANSWERABLE, UNANSWERABLE, PARTIAL, or
CONVERSATIONAL. This predicted label then condi-
tions the GPT-4.1 (OpenAI, 2025) generator, en-
abling appropriate responses such as declining to
answer unanswerable questions or acknowledging
partial information.

Our retrieval component ranked 4th out of 38
teams on Subtask A (nDCG@5 = 0.5445), while
the full RAG pipeline ranked 13th out of 29 on
Subtask C. This gap suggests that retrieval was
strong, but final answer synthesis remained sensi-
tive to low-context and partially answerable turns.
Our code is available at https://github.com/
PLN-disca-iimas/mtrag_semeval2026.

2 Background

Task and Data. The MTRAGEval shared task
(Rosenthal et al., 2026b,a) provides 110 English
conversations (7.7 turns on average) grounded in
four domain corpora: ClapNQ (general knowledge
from Wikipedia; 183 408 passages), Cloud (techni-
cal documentation; 72 439 passages), FiQA (finan-
cial advice from StackExchange; 49 607 passages),
and Govt (regulatory content from .gov/.mil do-
mains; 72 422 passages). The system receives the
full conversation history and the current user ques-
tion. In Subtask A, the goal is to retrieve relevant
passages (binary relevance judgments). In Sub-
task B, gold passages are provided and only gener-
ation is evaluated. In Subtask C, the system must
both retrieve and generate a grounded response
(≤150 words). We participated in all three sub-
tasks.

Related Work. Retrieval has evolved from lexi-
cal matching with BM25 (Robertson and Zaragoza,
2009) to dense bi-encoder models such as DPR
(Karpukhin et al., 2020), which encode queries and

passages into a shared embedding space. However,
dense retrievers degrade on out-of-domain data
with specialized vocabulary (Thakur et al., 2021),
motivating learned sparse models like SPLADE
(Formal et al., 2021) that combine the efficiency of
inverted indices with neural term expansion. This
is particularly relevant for the technical documenta-
tion and regulatory content in MTRAGEval, where
domain-specific terminology often leads to the vo-
cabulary mismatch problem in standard dense re-
trievers (Thakur et al., 2021).

Hybrid retrieval fuses sparse and dense signals to
compensate for their complementary weaknesses.
Reciprocal Rank Fusion (Cormack et al., 2009b)
effectively integrates scores from heterogeneous
sources (lexical and neural) without requiring su-
pervised calibration, making it a robust choice for
multi-domain retrieval.

In multi-turn settings, conversational queries
contain coreferences and elisions that degrade re-
trieval when used verbatim. Elgohary et al. (2019)
showed that rewriting such queries into standalone
forms significantly improves downstream retrieval,
an approach also validated in the TREC CAsT track
(Dalton et al., 2020). More recently, HyDE (Gao
et al., 2023) proposed generating a hypothetical
passage as a query proxy, bypassing explicit rewrit-
ing. However, in specialized technical domains,
explicit rewriting remains a more reliable strategy
to mitigate the risk of generative hallucinations as-
sociated with hypothetical passage proxies (Gao
et al., 2023).

RAG pipelines (Lewis et al., 2020) combine re-
trieval with generation, but most published systems
are evaluated on single-turn queries. MT-RAG
extends this to multi-turn conversations, making
query handling a central design challenge.

3 System overview

Our system is designed as a modular multi-turn
RAG pipeline that addresses both conversational
context handling and domain-specific grounding.

Figure 1 presents the end-to-end architecture.
The following subsections describe each compo-
nent in detail, including the evaluated configura-
tions and the final system used for submission.

3.1 Retrieval

Our retrieval system follows a multi-stage pipeline:
(1) the conversational query is rewritten into a stan-
dalone form using an LLM, (2) the rewritten query
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Figure 1: End-to-end IIMAS-RAG architecture. Solid arrows trace the main pipeline: inputs → query rewrite →
SPLADE / Voyage-3 → RRF fusion → top-10 ranking (Subtask A output) → top-k passage selection → generator.
For Subtask C, the generator also receives the conversation context (Hc, qt); an answerability module classifies
the query as answerable, unanswerable, partial, or conversational, and its decision signal conditions the generator
(dashed path). For Subtask B, gold reference passages are supplied directly to the generator.

is used to retrieve candidates from both a sparse
and a dense model, (3) the resulting ranked lists
are fused via Reciprocal Rank Fusion (RRF), and
(4) the top-k passages are returned. Each domain
was indexed independently. The following para-
graphs describe each component and the experi-
ments conducted to select the final configuration.

Embedding Models. We evaluated five
retrieval models spanning three paradigms:
(i) BM25 (k1=1.2, b=0.75) using the
rank_bm25 library (BM25Okapi)1 (Robert-
son and Zaragoza, 2009); (ii) SPLADE
(naver/splade-cocondenser-ensembledistil)
(Formal et al., 2021), a learned sparse model
with neural term expansion; (iii) BGE-v1.5
(BAAI/bge-base-en-v1.5, 768 dim.); (iv) BGE-
m3 (BAAI/bge-m3, 1024 dim.); (Chen et al.,
2024); and (v) Voyage-3-large (1024 dim., API)
(Voyage AI, 2025). Dense embeddings were
indexed with FAISS (Johnson et al., 2021) using
exact inner-product search (IndexFlatIP) over
L2-normalized vectors. BM25 and SPLADE
use inverted indices. Each model independently
retrieved the top 300 candidates per query.

Retrieval Strategies. We evaluated the following
strategies for combining and enhancing retrieval:

• Hybrid Retrieval: Ranked lists from
SPLADE and Voyage-3-large were fused us-
ing Reciprocal Rank Fusion (RRF) (Cormack
et al., 2009a):

RRF(d) =
N∑

s=1

1

k + ranks(d)
, (1)

1https://github.com/dorianbrown/rank_bm25

where N = 2 for SPLADE and Voyage-3-
large, and k = 60.

• HyDE and Multi-query baselines: We eval-
uated HyDE (Gao et al., 2023) and multi-
query expansion as alternative query enhance-
ment strategies. Both underperformed explicit
standalone rewriting: HyDE reached 0.383
nDCG@10 and multi-query reached 0.401,
compared with 0.528 for the best rewrite-
based hybrid configuration.

Query Rewriting. We utilized
command-r-08-2024 to transform the con-
versation history H and the current question Q
into an optimized standalone query Q′, resolving
coreferences and aligning vocabulary with the
target domain (Elgohary et al., 2019):

Q′ = LLM(p,H,Q) (2)

Through iterative optimization of the prompt p,
we developed three rewriting variants: V1, a
generic standalone rewriting prompt; V2, which
adds domain-specific length and vocabulary-
preservation rules; and V3, which further adds few-
shot examples from the training split. Full prompt
details are reported in Appendix C. All three vari-
ants substantially outperform HyDE and multi-
query, yielding a +35.1% relative improvement
over HyDE and a +85.3% gain over raw-history
baselines (0.406 vs. 0.219 nDCG@5). Differences
between prompt versions are small and not statisti-
cally significant (H4: p = 0.642); V2 achieves the
highest macro-average (0.520) while V3 provides
marginal per-domain gains on Cloud and FiQA.
The final submission used V3 rewrites, although the
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small and non-significant difference with V2 sug-
gests that most gains come from standalone rewrit-
ing rather than from additional domain-specific
prompt engineering. Based on these results, our fi-
nal system employs a Hybrid SPLADE + Voyage-
3-large architecture with LLM-based query rewrit-
ing.

Reranking. We evaluated
bge-reranker-v2-m3 over the top-100 RRF
candidates, but it degraded nDCG@5 by −0.029
and increased inference cost. We therefore
excluded reranking from the final submission.

3.2 Generation

The generation component adopts a RAG archi-
tecture where the retrieval module provides the
evidence set and a GPT-4.1 (OpenAI, 2025) gen-
erator produces the final response. The genera-
tor is guided by a structured prompting scheme
that enforces factual, neutral, and concise outputs
strictly grounded in the retrieved contexts and con-
sistent with the dataset’s style. An answerability
evaluation stage precedes generation to determine
whether the question can be addressed with the
available evidence, thereby reducing hallucinations
and ensuring that outputs remain coherent, faith-
ful to the retrieved information, and suitable for
benchmarking in shared RAG tasks.

Answerability Module. Before generation, the
system evaluates whether the current question can
be answered using only the retrieved evidence and
conversation history. We implemented a precision-
focused classifier prompt that clearly defines each
label and specifies a two-step decision process
where the model should generate candidate labels
with brief justifications and then select the final
label. This prompt is used with Command-A-03-
2025. The model receives the retrieved context,
dialogue history, and new question, and outputs
one of four labels: ANSWERABLE, UNANSWERABLE,
PARTIAL, or CONVERSATIONAL. This modular de-
sign reduces hallucination risk when evidence is
insufficient.

Generation Module. At evaluation time, the sys-
tem uses the passages returned by the retrieval
component (instead of the oracle passages from
training). The predicted answerability label condi-
tions the generator behavior. If the query is marked
unanswerable, the system returns a fixed fallback
response. Otherwise, the generator produces a con-

cise factual answer following strict style constraints
learned from the training distribution. The prompt
emphasizes neutral tone, minimal verbosity, con-
trolled use of context, and strict avoidance of un-
supported claims. Full prompt details are available
at Appendix C.4.

4 Experimental Setup

4.1 Retrieval

Evaluation protocol. All retrieval experiments
were conducted on the development split of the four
datasets. For each configuration, scores were aver-
aged across the four datasets. We report nDCG@10
as the primary retrieval metric and Recall@10 as a
complementary measure of coverage.

Evaluation Metrics. The official evaluation for
Subtask A uses nDCG@5. For Subtasks B and
C, the official metric is the harmonic mean of
three generation quality scores: RBalg (algorith-
mic reference-based similarity), RLF (ROUGE-L
F-measure), and RBllm (LLM-based reference com-
parison).

4.2 Generation

Setup. Our generation experiments used the
reference.jsonl training set (containing ideal
reference passages and target answers) to cali-
brate the generator prompt. At inference time,
we evaluated each generator model under two pas-
sage conditions: Ref (gold-standard passages from
reference.jsonl) and RAG (passages retrieved
by our system), and with and without the answer-
ability classifier.

Evaluated Models. We benchmarked four LLMs
for the generation stage:

• GPT-4.1: Selected for final submission due to
superior faithfulness and instruction-following in
technical domains.

• Command-A-03-2025: Utilized for the answer-
ability logic.

• Qwen-2.5-7B: Evaluated as a local deployment
baseline for low-latency scenarios.

• DeepSeek-R1: Evaluated via Ollama to test
reasoning-heavy generation in specialized cor-
pora.
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Model Strategy nDCG@10 R@10

Elser† Rewrite 0.540 0.640

BM25 Std 0.250 0.240
SPLADE Std 0.480 0.520
BGE-m3 Std 0.460 0.460
BGE-v1.5 Std 0.440 0.450
Voyage-3-large Std 0.440 0.450

SPLADE+BGE-v1.5 RRF 0.435 0.530
SPLADE+Voyage-3 RRF 0.454 0.540
SPLADE+Voyage-3 RRF+HyDE 0.383 0.480
SPLADE+Voyage-3 RRF+MultiQ 0.401 0.500

SPLADE+BGE-v1.5 RRF+Rewrite 0.481 0.590
SPLADE+Voyage-3 RRF+Rewrite V1 0.510 0.610
SPLADE+Voyage-3 RRF+Rewrite* 0.528 0.640

Table 1: Retrieval results on the development set (nDCG@10,
Recall@10), averaged over four domains. Standard: last user
turn as query. *Final V3 rewriting prompt. †Shared task
organizer baseline (Elastic Learned Sparse Encoder with query
rewriting).

Hyperparameters. All generative models were
queried via API or local inference with a tempera-
ture of T = 0.3 and top_p = 0.9 to reduce stochas-
tic variance and limit hallucinations in fact-heavy
responses.

4.3 Reproducibility.
Full hyperparameters and hardware details are pro-
vided in Appendix A.

5 Results

This section presents the experimental results
across the three subtasks. We first report retrieval
effectiveness, followed by generation performance,
official test rankings, and error analysis.

5.1 Retrieval
Table 1 reports retrieval performance for different
model and strategy combinations on the develop-
ment set.

Impact of Query Rewriting. Table 2
breaks down nDCG@10 by domain for the
SPLADE+Voyage-3 hybrid system under different
query-handling strategies. Full rewriting prompts
are reported in Appendix C.

Statistical Validation. Key comparisons were
validated with paired Wilcoxon signed-rank tests
and Holm–Bonferroni correction. The main con-
clusion is that hybrid retrieval with rewriting sig-
nificantly outperforms the individual components,
whereas differences across rewriting prompt vari-
ants are small and generally not significant after

Domain HyDE MQ V1 V2 V3

ClapNQ 0.485 0.502 0.632 0.639 0.633
Cloud 0.331 0.381 0.449 0.474 0.489
FiQA 0.333 0.284 0.385 0.410 0.415
Govt 0.383 0.437 0.571 0.558 0.535

Mean 0.383 0.401 0.510 0.520 0.518

Table 2: nDCG@10 by domain across query strate-
gies in the hybrid SPLADE+Voyage-3 system. V1–V3:
rewriting prompt versions (generic to domain-specific).
MQ: multi-query. Best per row in bold.

correction. Full results, assumptions, effect sizes,
and clarifications are reported in the Appendix B.

Retrieval Errors. Preliminary experiments on
a subset of 777 MT-RAG queries showed that re-
trieval errors were driven primarily by query am-
biguity in extremely short inputs (≤ 3 words; e.g.,
“fees?”, “branch?”, “refund status?”) and by limi-
tations in the corpus’s geographic coverage, rather
than by topic drift in long conversations. For ex-
ample, in a query such as “I am in Asia, not in
the UK” when asking about credit card fraud pro-
tection, the rewriter correctly preserved the user’s
geographic intent, but retrieval still returned docu-
ments about U.S. and U.K. regulations, suggesting
that the benchmark corpus—particularly in FiQA
and Govt—contains limited coverage of Asian reg-
ulatory contexts.

5.2 Generation
Table 3 presents the results of the generated an-
swers under different experimental configurations
on the development set. Full generation prompts
and examples of conversations are reported in the
Appendix C.4.

RLF RBllm RBalg
Ref RAG Ref RAG Ref RAG

Without answerability classifier
GPT-4.1 0.81 0.75 0.77 0.72 0.45 0.41
Command-A-03-2025 0.79 0.77 0.75 0.74 0.41 0.39
Qwen 2.5 7B 0.68 0.67 0.66 0.68 0.34 0.33
DeepSeek 0.55 0.56 0.59 0.59 0.41 0.37

With answerability classifier
GPT-4.1 0.69 0.70 0.64 0.61 0.43 0.40
Command-A-03-2025 0.67 0.68 0.62 0.59 0.45 0.42
Qwen 2.5 7B 0.60 0.61 0.58 0.56 0.32 0.30
DeepSeek 0.52 0.53 0.55 0.54 0.38 0.35

Table 3: Generation results under different experimental
configurations. Ref uses the reference.jsonl file (ideal
passages), while RAG uses passages from RAG.json
retrieved by our system. Results are reported with and
without the answerability classifier. Per column, the
best result is in bold and the second best is underlined.
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Error Analysis. Manual inspection revealed
that the answerability module was overly conser-
vative, frequently classifying partially answerable
questions as UNANSWERABLE. This triggered the
fixed fallback response even when relevant infor-
mation was present. While this design choice suc-
cessfully prevented hallucinations, it also led to
systematic abstention on turns where a partial an-
swer would have been appropriate, penalizing the
system on automatic metrics.

5.3 Official Test Results

Table 4 reports the official test set results and our
ranking on each subtask.

Subtask Metric Ours 1st Place Rank

A (Retrieval) nDCG@5 0.5445 0.5776 4/38

B
(Generation)

Composite 0.5638 0.7827 22/26
RBagg 0.4300
RLF 0.6936

RBllm 0.6434

C
(Full RAG)

Composite 0.5397 0.5861 13/29
RBagg 0.3987
RLF 0.7052

RBllm 0.6124

Table 4: Official test set results.

Full RAG analysis. The Subtask C results show
a different picture from the automatic generation-
only evaluation. Although our system ranked 13th
out of 29 by the official harmonic mean, the human
evaluation on the IDK-conditioned subset ranked
IIMAS-RAG second overall, with an overall score
of 3.33 ± 0.50. In the human evaluation, our sys-
tem achieved the highest FANC score (3.80 ± 0.16)
among all participants, surpassing even the task’s
Reference Gold baseline (3.65 ± 0.23). FANC is
defined as the harmonic mean of faithfulness, ap-
propriateness, naturalness, and completeness, pro-
viding a unified measure of response quality. Our
results indicate that while automatic metrics (RBalg
and RBllm) penalized our system, human evalua-
tors rated our responses as more useful and faithful
than the gold-standard references. Consequently,
we interpret the Subtask C performance as a funda-
mental trade-off: while robust retrieval and conser-
vative answerability conditioning enhanced factual
reliability, the system’s performance on automatic
metrics was constrained by stylistic mismatches
and rigid fallback behaviors.

6 Conclusions

We presented a multi-stage system for
MTRAGEval that combines hybrid sparse–
dense retrieval, LLM-based query rewriting, and
answerability-conditioned generation. Our best
results were in Subtask A, where we ranked 4th
out of 38 teams (nDCG@5 = 0.5445). These
results show that hybrid retrieval works well when
conversational context is first resolved through
query rewriting.

Our ablation study gives two main findings. First,
query rewriting is the most important component
for retrieval performance. Second, domain-specific
prompt tuning (V2 and V3) provides marginal per-
domain gains on specialized corpora such as Cloud
and FiQA, though the differences between prompt
versions are not statistically significant overall (p =
0.642).

The gap between retrieval and generation re-
sults (22nd in Subtask B and 13th in Subtask C)
shows that good retrieval alone is not enough for
strong end-to-end RAG performance. Although
our system produced grounded and generally faith-
ful answers, the lower generation rankings suggest
that it did not match the reference answers closely
enough in style and content. Future work will fo-
cus on improving the connection between retrieval
and generation through better prompting strategies,
lightweight query rewriting models, multilingual
retrievers, and reranking methods better calibrated
to sparse–dense fusion outputs.

Limitations and Ethical Considerations

Our system relies on commercial APIs (Voyage
AI, Cohere, and OpenAI GPT-4.1) for embedding,
rewriting, answerability classification, and gener-
ation. This introduces cost and availability depen-
dencies that may limit reproducibility in resource-
constrained settings; future work should explore
local alternatives. Since the system was developed
on English-language, its performance in multilin-
gual or other language contexts remains unverified.
The system should not be treated as a substitute
for expert judgment in high-stakes domains such as
finance, law, health, or public policy. Sensitive user
inputs should not be sent to third-party services
without appropriate consent and anonymization.
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A Detailed Experimental Configuration

This appendix details the model hyperparameters,
software environment configuration, and hardware
specifications used to ensure the reproducibility of
the reported experiments.

A.1 Hardware Environment

All local experiments (indexing, sparse/dense re-
trieval with open models, and reranking) were exe-
cuted on a high-performance workstation with the
following characteristics:

• GPU: 2× NVIDIA GeForce RTX 4090 (24
GB VRAM each, Ada Lovelace architecture).

• RAM: 128 GB DDR5.
• Storage: NVMe SSD Gen4 (for fast retrieval

index reading).
• Execution Environment: Isolated Docker

container to ensure library consistency.

A.2 Software Environment

The main library versions used were pinned in the
requirements.txt file to ensure numerical con-
sistency:

• Language: Python 3.11.
• Deep Learning Framework: PyTorch 2.9.1

with CUDA 12.1 support.
• Hugging Face Transformers: 4.47.1.
• Dense Retrieval: FAISS-cpu 1.13.2 (exact

vector search).
• Evaluation: pytrec_eval 0.5.
To ensure deterministic results, the global seed

was set (SEED=42) across all libraries (Python,
NumPy, PyTorch), and deterministic cuBLAS algo-
rithms were enabled via the environment variable
CUBLAS_WORKSPACE_CONFIG=:4096:8.

A.3 Model Hyperparameters

The following specifications detail the hyperparam-
eters employed for each component of the pipeline:

Table 5: Hyperparameters for retrieval and rewriting
models.

Component Parameter Value / Config-
uration

BM25 k1 1.2
b 0.75
Tokenizer Lucene Stan-

dard Analyzer

SPLADE Model splade-
cocondenser-
ensembledistil

Aggregation Max-pooling
Top-k Full sparse acti-

vation

Voyage AI Model voyage-3-large
Dimension 1024
Truncation True

RRF k 60
Weight Uniform

Reranker (evaluated only) Model bge-reranker-
v2-m3

Precision FP16

Rewriting Model command-r-
08-2024

Temp. 0.3
Top-p 0.9

B Statistical Validation Details

This appendix complements the findings in Sec-
tion 5.1 by presenting detailed results of the statis-
tical significance tests.

B.1 Test Protocol
To validate the proposed hypotheses, the Wilcoxon
signed-rank test was employed for paired samples.
This non-parametric test was selected because the
nDCG@10 metric does not follow a normal distri-
bution.

To control the Family-Wise Error Rate (FWER)
derived from multiple comparisons, the Holm-
Bonferroni sequential correction was applied. The
significance level was set at α = 0.05. A difference
is considered statistically significant if the adjusted
p-value is less than α.

B.2 Paired Comparison Results
Table 6 summarizes the key comparisons per-
formed to evaluate the contribution of system com-
ponents.

B.3 Analysis of Results
• Hybrid Retrieval: The results confirm with

high statistical confidence (p < 0.001) that
the fusion of SPLADE and Voyage (Hybrid
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Table 6: Wilcoxon signed-rank test results
on nDCG@10. * denotes p < 0.05 after
Holm–Bonferroni correction.

ID Comparison Diff. p-val Sig.

Hybrid Component Contribution
H1 HybridS+V vs. SPLADE +0.124 < .001 *
H2 HybridS+V vs. Voyage +0.045 .002 *

Rewriting Strategies
H3 Rewriting vs. Last Turn +0.189 < .001 *
H4 Prompt V3 vs. V2 -0.002 .642 NS

Fusion & Optimization
H5 RRF (k = 60) vs. Linear +0.043 .015 *

S+V) outperforms the best individual model
(SPLADE), validating the complementarity of
lexical and semantic representations.

• Impact of Rewriting: Query rewriting proves
to be the most critical component of the
pipeline, showing the largest mean difference
(+0.189) and robust statistical significance
compared to using the last conversational turn.

• Prompt Variants: When comparing versions
V2 and V3 of the rewriting prompts, no sta-
tistical evidence of significant difference was
found (p = 0.642). This suggests that once a
baseline quality level in rewriting is reached,
minor prompt variations have a marginal im-
pact on final retrieval effectiveness.

C Retrieval Prompts

C.1 Query Rewriting Prompt
The following prompt was used to rewrite user
queries into standalone retrieval queries. Prompt
V1 (generic version) is shown below. V2 augments
V1 with two per-domain rules appended after rule 5:
(i) a length cap (30 tokens for Cloud, 25 for FiQA,
unrestricted for ClapNQ and Govt) and (ii) a vo-
cabulary constraint (e.g., “Preserve technical terms,
product names, and cloud service identifiers” for
Cloud; “Preserve financial terminology: ticker sym-
bols, fund names, ratios, and regulatory terms” for
FiQA; “Preserve all named entities: agency names,
program titles, legislation names, and acronyms;
maintain formal register” for Govt). V3 replaces
the rule list with a reformulated frame that names
the target corpus type (e.g., “financial question-
answering corpus”), retains the domain vocabulary
rule from V2, and prepends three few-shot input–
output examples selected from the ground-truth
rewrite file of each domain’s training split.

You rewrite the FINAL user message into a
single , standalone query for information
retrieval.

Use the information of the full conversation
to make the query self -contained , unambiguous ,
and faithful to the user 's intent.
If the query already includes all necessary
information and is self -contained , keep it
as is. Only rewrite it if there is missing
information or ambiguity that can be resolved
from the conversation history.

Rules:
- Output ONLY the rewritten query text.
- Try to use the same number of tokens as in

the original query (max. add up to 5 tokens).
- Do NOT answer the question.
- Resolve pronouns.
- Remove conversational filler.
- Don 't change the language style of the query.

The output must be a single sentence or compact
phrase suitable for a search or embedding model.

C.2 HyDE Prompt

Given the following question , write a short
paragraph (2-3 sentences) that would be a
perfect passage answering this question.
Write as if you are writing a Wikipedia article.
Question: {query}
Passage:

C.3 Multi-Query Prompt

Given the following question , generate 3
different versions of the same question that
could be used to search for relevant information.
Each version should capture the same intent but
use different wording.
Original question: {query}
Return only the 3 questions , one per line ,
without numbering.

C.4 Generation Prompts
The following prompt is a summarized ver-
sion of the original answerability classification
prompt used to determine whether a new ques-
tion can be answered based solely on the pro-
vided context and conversation history. The
full, uncurated prompts for the answerability
module are available at https://github.com/
PLN-disca-iimas/mtrag_semeval2026.
"You are an evaluation model. Given:
1. Context
2. Conversation History (if any)
3. New Question

Determine whether the new question can be answered
using only the provided information.

First , briefly consider why the question could be
ANSWERABLE , PARTIAL , or UNANSWERABLE. Then
provide your final decision.

Output strictly in the following format:

Label: [ANSWERABLE / UNANSWERABLE / PARTIAL /
CONVERSATIONAL]

Rules:
- Do NOT answer the question itself.
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- Base your decision only on the given inputs.
- Keep the explanation short and factual ."

The following prompt is a summarized ver-
sion of the original response-generation prompt
used in the shared task. The full, uncurated
prompts for the answerability module and gen-
eration module are available at https://github.
com/PLN-disca-iimas/mtrag_semeval2026.
"You are an AI assistant in a shared task. Your

objective is to generate answers that match the
style , structure , and level of detail of the

datasets target answers.

Before answering , read the provided answerability
label and strictly follow it.

Rules:

1. Style:
- Neutral , factual , concise.
- No conversational fillers.
- No opinions or extra commentary.

2. Detail:
- Match the d a t a s e t s level of specificity.
- Include small clarifications only if

consistently present.
- Do not add extra details.

3. Context:
- Use only the provided context.
- Use conversation history only for

disambiguation.

4. Answerability:
- If UNANSWERABLE Respond exactly:

"I'm sorry , but I don 't have the answer to your
question ."

- If PARTIAL Answer only with available
information.

- If ANSWERABLE Provide the complete answer
using only supported facts.

5. No Hallucinations:
- Do not infer or fabricate missing information.

Inputs:
Answerability: {answerability}
Question: {current_question}
Conversation History: {conversation_history}
Contexts: {contexts_text }"

C.5 Examples of conversations

The following example illustrates a case where the
question is labeled as UNANSWERABLE, and the
generated response must exactly match the prede-
fined fallback answer.
QUESTION:
where do the arizona cardinals play this week

GENERATED RESPONSE:
I'm sorry , but I don 't have the answer to your

question.

TARGET RESPONSE:
I'm sorry , but I don 't have the answer to your

question.

The following example illustrates a case where
the question is labeled as PARTIAL, meaning that
the available context supports only a subset of the
requested information.

QUESTION:
How many teams qualify for the NFL playoffs and how

many are from each conference?

GENERATED RESPONSE:
Fourteen teams qualify for the NFL playoffs , seven

from each conference.

TARGET RESPONSE:
Fourteen teams qualify for the NFL playoffs.

The following example illustrates a representa-
tive generation error where the system produced a
complete answer with an additional clarification,
while the target response contained only the factual
core. This type of error penalized our reference-
based automatic scores even though the response
was factually correct, grounded in the retrieved
passages, and not hallucinated.
QUESTION:
What fees apply to my IRA account?

GENERATED RESPONSE:
The annual maintenance fee is $25. Additionally , a

$10 wire transfer fee applies to outgoing
transfers.

TARGET RESPONSE:
The annual maintenance fee is $25.
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