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Abstract

We present a training-free hybrid retrieve-
then-rerank system for multi-turn retrieval-
augmented generation, submitted to all
three subtasks of SemEval-2026 Task 8§
(MTRAGEVval): passage retrieval (Task A),
generation with reference passages (Task B),
and end-to-end RAG (Task C). Our system ad-
dresses the core multi-turn challenges—non-
standalone questions, unanswerable queries,
and shifting passage relevance—across four
domain-specific corpora: ClapNQ, Cloud,
FiQA, and Govt. Queries are reformulated
through LLM-driven rewriting, decomposition
into sub-queries, and Hypothetical Document
Embeddings (HyDE). Retrieved candidates
from dense vector search (BGE-base-en-v1.5)
and BM25 lexical matching are fused via Re-
ciprocal Rank Fusion and reranked by a cross-
encoder (BGE-reranker-large). Llama-3.3-70B-
Instruct generates extractive, context-grounded
responses with built-in abstention for unanswer-
able queries. Using only open-source mod-
els without fine-tuning, the system achieves
nDCG@5 of 0.4098 on Task A (22nd/38), a
harmonic mean of 0.7462 on Task B (9th/26),
and 0.5796 on Task C (2nd/29), coming within
1.1% of the top submission. We attribute the
strong Task C result to the synergy between
multi-signal query reformulation and faithful
extractive generation.

1 Introduction

Retrieval-augmented generation (RAG) grounds
LLM responses in retrieved passages, reducing hal-
lucinations and improving factual accuracy (Aryal
and Akomoize, 2025; Prioleau et al., 2025; Hagos
et al., 2025). However, most RAG benchmarks
evaluate single-turn interactions (Pradeep et al.,
2025; Katsis et al., 2025; Aryal and Pant, 2025;
Prioleau et al., 2025), overlooking the distinct chal-
lenges inherent to multi-turn conversations (Katsis
et al., 2025):
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* Non-Standalone Questions: Later turns rely
on references from prior context (e.g., pronouns,
ellipsis), requiring coreference resolution.

* Unanswerable Questions: Systems must ab-
stain rather than hallucinate when retrieved con-
text is insufficient.

* Active Retrieval: Relevant passages shift be-
tween turns as the conversation topic evolves.
The MTRAG benchmark (Katsis et al., 2025)

provides the first end-to-end human-generated

multi-turn RAG evaluation framework with 110

conversations (7.7 avg turns) across four document

collections, yielding 842 evaluation tasks. It de-

fines three subtasks—passage retrieval (Task A),

generation with reference passages (Task B), and

end-to-end RAG (Task C)—and was adopted as

SemEval-2026 Task 8 (Rosenthal et al., 2026b).

The test set is drawn from the MTRAG-UN bench-

mark (Rosenthal et al., 2026a), which extends

MTRAG with additional challenges including un-

derspecified and non-standalone questions across

six domains.

In this paper, we describe our system submit-
ted to all three subtasks under the team name
Howard University-AI4PC. Our approach centers
on two ideas: (1) query reformulation to trans-
form context-dependent questions into standalone
queries through LLM-driven rewriting, decompo-
sition, and hypothetical document generation; and
(2) dense-lexical retrieval fusion to combine dense
vector search and lexical term matching via Re-
ciprocal Rank Fusion, followed by cross-encoder
reranking. All components use open-source models
without task-specific fine-tuning.

2 Related Work

Multi-Turn RAG. Multi-turn conversational
question answering has been explored through
benchmarks such as QuAC (Choi et al., 2018),
CoQA (Reddy et al., 2019), and FaithDial (Dziri
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et al.,, 2022). However, these typically keep
retrieval fixed or focus on a single domain.
MTRAG (Katsis et al., 2025) addresses these limi-
tations by incorporating active retrieval, multiple
domains, unanswerable questions, and long-form
answers. MTRAG-UN (Rosenthal et al., 2026a)
extends MTRAG with additional challenges includ-
ing underspecified and non-standalone questions
across six domains. RAD-Bench (Kuo et al., 2025)
also evaluates multi-turn RAG but does not include
passage-level retrieval evaluation.

Hybrid Retrieval. Dense retrieval using pre-
trained encoders such as BGE (Xiao et al., 2024)
has shown strong performance on passage retrieval
tasks. BM25 (Robertson and Zaragoza, 2009) re-
mains competitive for lexical matching, particularly
for entity-rich queries. Reciprocal Rank Fusion
(RRF) (Cormack et al., 2009) provides an effective
unsupervised method to combine ranked lists from
heterogeneous retrieval systems without requiring
training data.

Query Reformulation. Query rewriting for con-
versational search transforms context-dependent ut-
terances (Aryal and Pant, 2025; Aryal and Prioleau,
2023) into standalone queries (Katsis et al., 2025).
Hypothetical Document Embeddings (HyDE) (Gao
et al., 2023) improves zero-shot dense retrieval by
using an LLM to generate a hypothetical answer
passage, whose embedding is then used as the re-
trieval query. Query decomposition breaks com-
plex questions into simpler sub-queries that can be
searched independently (Bae, 2025; Tiwari et al.,
2025; Aryal and Pant, 2025).

3 System Description

Our system consists of three pipelines correspond-
ing to the three MTRAG subtasks. Figure 1
overviews the Task C pipeline, which subsumes
Tasks A and B.

3.1 System Protocol

The entire pipeline is training-free: no model is
fine-tuned at any stage. The pipeline spans two
execution environments. Locally (Apple M3 Mac,
MPS backend), the dense encoder (BGE-base-en-
v1.5), FAISS index search, BM25 retrieval, and
cross-encoder reranker (BGE-reranker-large) all
run on-device. Remotely, a single LLM—ILlama-
3.3-70B-Instruct (Meta Al, 2024), served via the
HuggingFace Inference API in float16 precision

Input: Multi-turn conversation

1. Query Reformulation

LLM: Rewriting /
Decomposition / HyDE

2. Parallel Retrieval

Dense: BGE-base-en-v1.5 +

FAISS

3. Reciprocal Rank Fusion

Lexical: BM25

4. Reranking

Cross-Encoder: BGE-reranker-
large

5. Context-Grounded
Generation

Llama-3.3-70B-Instruct

Output: Grounded answer

Figure 1: Task C end-to-end RAG pipeline architecture.
Tasks A and B use subsets of this pipeline.

without quantization—handles all query reformula-
tion (rewriting, HyDE, decomposition) and final an-
swer generation. Each input produces exactly one
generation per step. Query reformulation steps
execute sequentially: rewriting runs first, followed
by dense retrieval, BM25 retrieval, HyDE genera-
tion with its dense search, and query decomposition
with sub-query searches. Cross-encoder reranking
is applied once per turn after RRF fusion; there
are no iterative retrieval loops. Table 1 provides
the full system configuration.

3.2 Document Corpora

The MTRAG benchmark provides four document
collections (Table 2), pre-processed into passages
of 512 tokens with 100-token overlap using the
ELSER tokenizer (Katsis et al., 2025).
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Table 1: System configuration.

Parameter Value

Generator / Query LLM Llama-3.3-70B-Instruct (remote)
LLM serving HF Inference API, float16
Embedding model BAAI/bge-base-en-v1.5 (local)

Reranker model
Local hardware

BAAI/bge-reranker-large (local)
Apple M3 Mac (MPS)

Temp (rewrite / decomp / gen) 0.1

Temp (HyDE) 0.3
Max tokens (generation) 200 (Task B) / 256 (Task C)
Max tokens (rewrite) 256
Max tokens (HyDE) 150

Dense top-k (Task A / C)
BM25 k1 / b/ top-k

50/100
1.5/0.75/100

RRF k& 60
HyDE top-k 50
Decomp sub-query top-k 33
Rerank pool / output 50/ 10 (Task A), 75/ 5 (Task C)

Generations per input 1
Retry / fallback Raw last turn on rewrite failure

Table 2: MTRAG document corpora.

Corpus Domain Docs Passages
ClapNQ  Wikipedia 4,293 183,408
FiQA Finance 57,638 61,022
Govt Government 7,661 49,607
Cloud Technical docs 8,578 72,442
Total 78,170 366,479

3.3 Task A: Passage Retrieval

Our retrieval pipeline follows a two-stage retrieve-
then-rerank architecture. In Stage 1, all pas-
sages and queries are encoded using BGE-base-en-
v1.5 (Xiao et al., 2024) (768-dim), L2-normalized
and indexed with FAISS (Johnson et al., 2019)
(IndexFlatIP). We retrieve the top 50 candidates
using the benchmark-provided query rewrites,
which convert multi-turn questions into standalone
queries (Katsis et al., 2025). In Stage 2, candidates
are reranked using BGE-reranker-large (Xiao et al.,
2024), a cross-encoder that computes fine-grained
query-passage relevance scores, outputting the top
10 passages.

3.4 Task B: Generation with Reference
Passages

Task B provides gold reference passages, isolating
the generation component. Before generation, an
LLM-based coreference resolution step rewrites
the current question to be self-contained by resolv-
ing pronouns to their referents from conversation
history. We use Llama-3.3-70B-Instruct with an ex-
tractive grounding prompt that instructs the model
to: (1) answer using only the provided passages,
(2) copy exact phrases when possible, (3) keep
answers concise (1-3 sentences), and (4) respond

with a fixed abstention phrase when context is in-
sufficient. We use temperature = 0.1 and max to-
kens = 200.

Max Token Rationale. Task B uses 200 max to-
kens, matching the concise 1-3 sentence answers
the benchmark expects; shorter outputs improve
Bert-K-Precision by reducing extraneous content.
Task C uses 256 tokens to accommodate nois-
ier retrieved passages. Development-set experi-
ments confirmed that exceeding 256 tokens reduced
RB,g; through verbosity.

3.5 Task C: End-to-End RAG

Task C combines retrieval and generation. We ex-
tend Task A with three query reformulation strate-
gies and hybrid retrieval:

Query Reformulation.

* LLM-driven rewriting: Llama-3.3-70B-
Instruct rewrites the last user turn into a self-
contained question, resolving pronouns and
implicit references (temp = 0.1).

* Query decomposition: Complex questions
are decomposed into 2—3 simpler sub-queries,
each searched separately (temp = 0.1).

* HyDE (Gao et al., 2023): The LLM generates
a short hypothetical answer passage (2—-3 sen-
tences), whose BGE embedding serves as an
additional retrieval query (temp = 0.3).

Decomposition Rationale. We limit decompo-
sition to 2-3 sub-queries because each incurs a
separate retrieval call (top-33 each), so 3 sub-
queries contribute ~99 candidates—comparable to
the dense budget of 100. Most MTRAG questions
involve at most two or three information needs;
over-decomposing into 4+ fragments risks losing
the question’s cohesion and retrieving passages that
miss the comparative intent.

Retrieval and Fusion. Task C runs parallel re-
trieval: dense search (BGE + FAISS, top 100),
BM25 lexical search (k1=1.5, 6=0.75, top 100),
HyDE-based dense search (top 50), and decom-
posed sub-query searches (top 33 each). All lists
are merged via RRF (Cormack et al., 2009) (k=60),
the top 75 fused candidates are reranked by the
cross-encoder, and the top 5 passages are passed to
the Task B generator.
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4 Experimental Setup

4.1 Data

We use the MTRAG benchmark (Katsis et al.,
2025) for development: 110 human-generated con-
versations (842 tasks) across four domains. The
test set is drawn from the MTRAG-UN bench-
mark (Rosenthal et al., 2026a), which contains new
conversations emphasizing challenging phenomena
including underspecified questions, non-standalone
questions, and unanswerable queries across six do-
mains. Our system is evaluated on the four original
MTRAG domains. The test set comprises 507 eval-
uation tasks, of which 332 are answerable or par-
tially answerable (evaluated for Task A retrieval)
and all 507 are evaluated for Tasks B and C gener-
ation. Ground-truth answerability labels were not
released with the test set.

4.2 Evaluation Metrics

Task A uses nDCG@FK and Recall @k (official met-
ric: nDCG@5). Tasks B and C use three IDK-
conditioned metrics: RB,g, (harmonic mean of
Bert-Recall, Bert-K-Precision, Rouge-L) (Adlakha
et al., 2024), RBy, (LLM judge adapted from
RAD-Bench) (Kuo et al., 2025), and RLg (RA-
GAS Faithfulness) (Es et al., 2024). All generation
metrics are conditioned on an IDK classifier that
first determines whether the response contains a
substantive answer or an abstention. The official
ranking metric for Tasks B and C is the harmonic
mean of RB,gs, RLE, and RBy,.

5 Results

5.1 Task A: Retrieval

Table 3 presents retrieval results on the MTRAG-
UN test set (Rosenthal et al., 2026a), evaluated on
332 answerable/partially answerable queries. We
achieve nDCG@5 of 0.4098 (ranked 22nd of 38
submissions), improving over the BGE-base-en-
v1.5 + query rewrite baseline (0.34) (Katsis et al.,
2025) by 20%, demonstrating the value of cross-
encoder reranking. Cloud achieves the highest
nDCG@5 (0.4736), while FiQA is most challeng-
ing (0.2786) due to the informal, subjective nature
of financial forum posts (Katsis et al., 2025).

The top submission achieved 0.5776 nDCG@5;
our lower score reflects using a general-purpose
encoder without domain adaptation. Our primary
contribution is the strong end-to-end Task C per-
formance through query reformulation and faithful

Table 3: Task A retrieval results by domain (test set).

Domain N nDCG@5S R@5 R@10
ClapNQ 83 0.4218 0.4667  0.5394
Cloud 86 0.4736 0.5046  0.6050
FiQA 58 0.2786 0.3165 0.4364
Govt 105 0.4205 0.4489  0.5605
Overall 332 0.4098 0.4446  0.5451

Table 4: Generation scores by domain for Tasks B and
C.

Task B Task C
Domain RB,;; RB;, RLr RB;; RBmm RLr
ClapNQ 0.486 0.600 0.650 0.381 0.517 0.586
FiQA 0.506 0.716 0.726 0.272 0.473 0.654
Govt 0.513 0.653 0.696 0.372 0.543 0.624
Cloud 0.622 0.745 0.831 0.461 0.608 0.722

generation (Section 6.1).

5.2 Tasks B and C: Generation

On Task B (reference passages), our system
achieves a harmonic mean of 0.7462 (RB,z, =
0.6291, RLf = 0.8540, RBy, = 0.7937), rank-
ing 9th of 26 submissions and surpassing the top
baseline (gpt-0ss-120b, 0.639) by 16.8%. The top-
performing submission achieved 0.7827. The high
RLF (0.854) confirms that extractive grounding
with conservative generation parameters effectively
reduces hallucination. On Task C (end-to-end), the
harmonic mean is 0.5796 (RB,g; = 0.4427, RLE
= 0.7507, RBy, = 0.6310), ranking 2nd of 29
submissions, surpassing the top baseline (qwen-
30b-a3b-thinking, 0.5366) by 8.0% and coming
within 1.1% of the top submission (0.5861).

Table 4 shows per-domain generation scores.
Cloud consistently achieves the highest scores,
while FiQA is most challenging across both tasks.
The drop from Task B to C (0.7462 — 0.5796)
quantifies the impact of retrieval quality on genera-
tion.

6 Analysis

6.1 Why Task C Succeeds Despite Moderate
Retrieval

Our most notable result is the gap between moder-
ate Task A retrieval (22nd/38) and strong Task C
end-to-end RAG (2nd/29). Three factors explain
this. First, Task C draws candidates from four paral-
lel channels (dense, BM25, HyDE, decomposition)
fused via RRF, providing substantially higher re-
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Table 5: Retrieval ablation on development set (842
queries). Rows are intermediate pipeline runs, not con-
trolled single-variable ablations.

Configuration nDCG@5 R@5 R@10
Dense only 0.262 0.227  0.290
Dense + BM25 (RRF) 0.334 0.296  0.360
Full pipeline 0.381 0.330 0.423

call diversity than Task A’s single-channel pipeline.
Each channel addresses different failure modes—
BM25 captures exact entities, HyDE bridges vocab-
ulary gaps, decomposition ensures coverage across
multiple information needs—and RRF is robust
to noise from any individual channel (Aryal and
Adhikari, 2023; Aryal et al., 2023; Cormack et al.,
2009). Second, extractive generation compensates
for imperfect retrieval: even when the top-5 pas-
sages include noise, the 70B model identifies rele-
vant passages while conservative temperature (0.1)
prevents fabrication, maintaining high RLf (0.751).
Third, effective prompt-driven abstention on 27.6%
of queries avoids hallucination penalties on the
IDK-conditioned metrics.

Table 5 reports retrieval ablation results from
intermediate development-set runs (842 queries).
BM25 fusion provides the largest single re-
trieval gain (+27.5% relative over dense-only),
followed by query reformulation (+14.1% over
dense+BM25). Cross-encoder reranking drives the
improvement from the development-set dense base-
line (0.262) to the test-set score (0.41)—a 20% gain
over the BGE baseline (0.34) (Katsis et al., 2025).
Using a single 70B model (Meta Al, 2024) for all
LLM tasks ensures consistent language understand-
ing, with strong instruction-following enabling re-
liable abstention and extractive generation (Katsis
et al., 2025).

6.2 Abstention Behavior

Our system abstains on 149/507 test queries
(29.4%) for Task B and 140/507 (27.6%) for
Task C, exceeding the ~19% unanswerable propor-
tion in the test set, suggesting some false absten-
tions on partially answerable queries. Abstention
is prompt-driven (Ngueajio et al., 2025; Aryal and
Prioleau, 2024): the generation prompt instructs the
model to respond with a fixed phrase when context
is insufficient, without a separate IDK classifier.

6.3 Latency, Sensitivity, and Limitations

Task A runs entirely locally (Apple M3 Mac) in
3—4 hours. Task C latency is dominated by up
to 4 remote LLM calls per turn (rewrite, HyDE,
decomposition, generation); no conversation-level
caching was implemented. RRF k=60 and top-£ al-
locations were selected on the development set; we
found no meaningful sensitivity to k in the range
40-80 (Cormack et al., 2009). Key limitations in-
clude: no conversation-level caching, simple regex-
based BM25 tokenization (no stemming), a single
LLM for all tasks rather than specialized models,
latency from sequential reformulation calls, and
intermediate-run ablations rather than controlled
single-variable experiments.

7 Conclusion

We presented a training-free hybrid retrieve-then-
rerank pipeline (Aryal and Pant, 2025; Aryal et al.,
2023; Prioleau et al., 2025) for multi-turn RAG,
submitted to all three subtasks of SemEval-2026
Task 8 (Rosenthal et al., 2026b). Dense and BM25
retrieval are fused via RRF and refined by cross-
encoder reranking, while a single open-source 70B
model handles query reformulation and extractive
generation without fine-tuning. The system ranks
2nd/29 on Task C (H-Mean = 0.5796), within 1.1%
of the top submission, demonstrating that multi-
signal query reformulation and faithful generation
with appropriate abstention can compensate for
moderate retrieval quality. Future work includes
fine-tuning the dense encoder, conversation-level
caching, a dedicated IDK classifier, and controlled
ablation studies. All code and configurations
are available at https://github.com/shrsijan/
mt-rag-benchmark.git.
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