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Abstract

We describe NLP-CEIA-UFG, our system for
SemEval-2026 Task 8, which evaluates multi-
turn retrieval-augmented generation (RAG)
over heterogeneous document corpora. Our
pipeline centers on a three-iteration dynamic
retrieval loop in which two gpt—-oss—-120b-
powered modules—an Iterative Query Genera-
tor and a Notes Builder—interact at each step
to diversify queries and accumulate structured
notes on information gaps. After the loop, an
Answerability Classifier routes the query to one
of three generation paths (Complete Answer,
Partial Answer, or Clarification Request). Hy-
brid BM25 and dense retrieval is fused via Re-
ciprocal Rank Fusion and refined by the Jina
listwise reranker. The retrieval pipeline is com-
piled under DSPy and optimized with GEPA.
We achieve nDCG@5 of 0.4502 (rank 17/38,
Subtask A) and HM = 0.3774 (rank 24/29, Sub-
task C). Post-hoc analysis identifies an over-
conservative Answerability Classifier as the
primary bottleneck: 75.5% of all responses
were flagged as IDK by the evaluator, includ-
ing 69.8% of ANSWERABLE questions, while
the retrieval and generation components per-
form well when the classifier routes correctly.
Our code is available at https://github.
com/GuiiCorreia/SemEval-2026.

1 Introduction

Multi-turn conversational RAG (Lewis et al., 2020)
demands that systems retrieve relevant passages
from a document corpus and generate grounded
responses to questions that evolve across dialogue
turns. Follow-up questions frequently feature
coreferences and ellipsis that render them non-
retrievable in isolation; furthermore, systems must
assess whether the corpus supports a response be-
fore proceeding with generation.

SemEval-2026 Task 8, MTRAGEval (Rosenthal
et al., 2026b), establishes a standardized bench-
mark via the MTRAG-UN corpus (Rosenthal et al.,
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2026a), covering four domains (Wikipedia, finan-
cial, government, and cloud documentation) with
answerability annotations. All corpora are in En-
glish. The task evaluates retrieval (nDCG@5, Sub-
task A) and end-to-end generation (harmonic mean,
Subtask C).!

Our system tackles the retrieval challenge by re-
placing single-pass search with a three-iteration
dynamic retrieval loop: an Iterative Query Gener-
ator produces diversified queries conditioned on
conversation history and prior Notes, and a Notes
Builder records information gaps to refine the next
hop. Hybrid BM25 and dense retrieval is fused via
RRF (Cormack et al., 2009) and refined by the Jina
listwise reranker (Wang et al., 2025).

For generation, rather than relying on a mono-
lithic prompt or binary abstention (IDK), we imple-
ment a 3-way routing system. An Answerability
Classifier evaluates the retrieved context and routes
the query to either a Complete Answer, Partial An-
swer, or Clarification Request generator using Gem-
ini 2.5 Flash (Google DeepMind, 2025).

We rank 17/38 in Subtask A and 24/29 in Sub-
task C. Post-hoc analysis identifies the Answer-
ability Classifier as the primary bottleneck: it
routes 69.8% of ANSWERABLE questions away
from the Complete Answer Generator, produc-
ing responses that the benchmark’s IDK evalu-
ator penalizes. When the classifier routes cor-
rectly, generation quality is high (RB_agg=0.304,
RL_F=0.822).

2 Background and Related Work

Task and data. SemEval-2026 Task 8 (Rosenthal
et al., 2026b) defines three subtasks. Subtask A
requires a ranked list of up to ten passages per
turn (nDCG@5). Subtask B evaluates generation

!Code  repository: https://github.com/
GuiiCorreia/SemEval-2026. The repository
name reflects the original development branch; the code
corresponds to the SemEval-2026 Task 8 submission.
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given gold passages; we did not attempt Subtask B
due to submission timeline constraints, although
it would provide a clean upper bound on gener-
ation quality absent retrieval noise. Subtask C
demands end-to-end retrieval and generation; the
metrics are: harmonic mean (HM) of RB_agg
(BertRec + BertKPrec + RougeL), RL_F (RAGAS
faithfulness), and RB_llm (LLM-as-judge), with
IDK-conditioning (IDK scores 1.0 for UNANSWER-
ABLE, 0.0 for ANSWERABLE). The evaluation
set is drawn from MTRAG-UN (Rosenthal et al.,
2026a), extending MTRAG (Katsis et al., 2025):
507 tasks across CLAPNQ (Wikipedia; n = 142),
Govt (n = 157), Cloud (n = 131), and FiQA
(n = 77), with 91.7% follow-up turns. Ground-
truth labels: 56.2% ANSWERABLE, 28.2% PAR-
TIAL, 15.4% UNDERSPECIFIED, 0.2% UNANSWER-
ABLE. Notably, conversational turns were excluded
from the MTRAG evaluation (Katsis et al., 2025)
and are absent from the MTRAG-UN test set by
design (Rosenthal et al., 2026a).

Related work. Multi-turn retrieval necessitates
resolving context-dependent queries before search
(Aliannejadi et al., 2024; Kuo et al., 2025). Iterative
approaches—such as IRCoT (Trivedi et al., 2023),
FLARE (Jiang et al., 2023), Iter-RetGen (Shao
et al., 2023), and Self-RAG (Asai et al., 2024)—
demonstrate that feedback-driven retrieval consis-
tently outperforms single-pass pipelines; our Notes
Builder externalizes this signal into an optimizer-
tunable module, extending Baleen (Khattab et al.,
2021). Hybrid retrieval fused by RRF (Bruch et al.,
2023) with listwise reranking (Wang et al., 2025;
Sun et al., 2023) forms our evidence-gathering
backbone. DSPy (Khattab et al., 2024), MIPROv2
(Opsahl-Ong et al., 2024), and GEPA (Agrawal
et al., 2026) provide the prompt-optimization in-
frastructure. Answerability detection (Chen and
Mueller, 2024) is critical for faithful RAG. While
Katsis et al. (2025) note models struggle with unan-
swerable questions, our findings highlight a dis-
tinct challenge: an over-conservative answerability
classifier that suppresses generation even when suf-
ficient evidence has been retrieved.

3 System Overview

Our pipeline runs a three-iteration retrieval loop
then classifies answerability and conditionally
routes generation. Figure 1 provides an overview.

Iterative Query Generator. The DSPy
ChainOfThought module, powered by
gpt-o0ss-120b (OpenAl, 2025), receives the
full conversation history H;, current question ¢,
and Notes from the previous iteration A (k—1)
(empty at k = 1), producing three semantically
diverse queries. Notes expose information gaps
and suggest reformulations, enabling qualitatively
different queries at each iteration.

Hybrid Retrieval, RRF, and Reranking. Each
query independently retrieves top-10 passages via
BM25 (Robertson and Zaragoza, 2009) and dense
retrieval with google-embedding-001 (Google
DeepMind, 2025) from a Qdrant database. The
lists merge via Reciprocal Rank Fusion (kg = 60;
Cormack et al. 2009), yielding up to 30 candidates
reranked by jina-reranker-v3 (Wang et al.,
2025)—a 0.6B listwise cross-encoder—to produce
the top-10 evidence set D),

Notes Builder. After each reranking step, a
gpt-o0ss-120b DSPy module produces struc-
tured Notes N/ (¥) with three fields: (i) key findings,
(i) missing information, and (iii) search sugges-
tions for the next query generation call.

Iteration count. We selected K = 3 iterations
as a balance between retrieval diversity and API
cost constraints: K = 1 offers no self-correction
opportunity, while K > 4 risks context accumu-
lation that may cause the LLLM to drift from the
original query. A systematic ablation over K was
not feasible within the submission window due to
API rate limits and is left for future work.

Answerability Classifier. After global reranking,
a module assigns one of three labels: ANSWER-
ABLE (A), PARTIAL (P), or UNANSWERABLE (U).
To optimize compute, if the retrieval step returns
exactly zero documents, the system bypasses the
LLM classifier and automatically assigns UNAN-
SWERABLE. For Subtask A, the globally reranked
Deina is returned directly.

Conversational Response Routing. Based on
the classification, the system routes the context to
Gemini 2.5 Flash (Google DeepMind, 2025) using
one of three specialized generation templates:

* Complete Answer Generator: Synthesizes
information across documents while strictly
citing details (for A).
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Figure 1: The NLP-CEIA-UFG pipeline. Three iterations of the Query Generator — Hybrid Search — RRF
— Jina Reranker — Notes Builder loop each contribute 10 passages, accumulating 30 total, which are globally
reranked. An Answerability Classifier then routes generation to one of three specialized templates (Complete,

Partial, Clarification) powered by Gemini 2.5 Flash.

 Partial Answer Generator: Starts with what
can be answered, explicitly states what is miss-
ing, and suggests what additional information
is needed (for P).

¢ Clarification Request Generator: Acknowl-
edges the lack of information and asks the
user for specific clarification (for U).

DSPy/GEPA compilation. All
gpt—-o0ss-120b modules (Query Genera-
tor and Notes Builder) are compiled as a single
DSPy program (Khattab et al., 2024) and opti-
mized end-to-end with GEPA (Agrawal et al.,
2026) on a 50-sample development set (retrieval
recall objective). GEPA produced an improved
prompt for the Query Generator (detailed in
Appendix A), while the Notes Builder retained
its initial prompt. Further optimization details are
reported in Appendix B. The Response Generation
Module was not optimized.

4 Experimental Setup

Data and tools. System development used the
MTRAG dev split; official evaluation used the
Task 8 test set (507 tasks). Query Genera-
tor, Notes Builder, and Answerability Classi-
fier: gpt-oss-120b (OpenAl, 2025). Re-
sponse generator: Gemini 2.5 Flash (Google
DeepMind, 2025). Dense embeddings: google-
embedding-001 in Qdrant v1.12.  Reranker:
jina-reranker-v3 (Wang et al., 2025). Opti-
mizer: GEPA (Agrawal et al., 2026).

Hyperparameters. Iterations K = 3; queries
per iteration: 3; BM25 and dense top-k: 10; RRF
constant kg = 60; reranker output: 10 passages.

System nDCG@5
Top system 0.5776
ELSER+QR (baseline) 0.4795
NLP-CEIA-UFG (ours) 0.4502

Table 1: Subtask A results (rank 17/38).

System RB_agg RL_F RB_llm HM
Top system — — — 0.5861
qwen-30b-a3b (baseline) — — — 0.5366
NLP-CEIA-UFG (ours) 0.2707  0.4722 04675 0.3774
Table 2: Subtask C results (rank 24/29). HM is

the IDK-conditioned harmonic mean of three compo-
nents: RB_agg (aggregate of BertRec, BertKPrec, and
RougeL), RL_F (RAGAS faithfulness), and RB_llm
(LLM-as-judge). Under IDK-conditioning, responses
classified as IDK score 1.0 on UNANSWERABLE queries
and 0.0 on ANSWERABLE queries. Component scores
for the top system and baseline were not publicly re-
leased.

S5 Results and Analysis

5.1 Official Results

Tables 1 and 2 report our scores. Our retrieval
performance (nDCG @5 = 0.4502) is competitive,
falling only 0.03 points below the organizer base-
line. However, there is a substantial 0.16-point gap
in Subtask C (HM = 0.3774).

5.2 IDK Over-Triggering

The Subtask C deficit is driven by the Answerabil-
ity Classifier routing the majority of queries away
from the Complete Answer Generator. Table 3
breaks down the evaluations: the benchmark’s eval-
vator flagged 75.5% of all responses (383/507) as
IDK, including 69.8% of ANSWERABLE questions.
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GT Label N IDK > 0.5 RB_agg
ANSWERABLE 285 199 (69.8%) 0.2789
PARTIAL 143 121 (84.6%) 0.2009
UNDERSPECIFIED 78 62 (79.5%) 0.1672
UNANSWERABLE 1 1 (—) 0.0000
Overall 507 383 (75.5%) 0.2392

Table 3: Rate of responses classified as IDK (> 0.5)
by the benchmark’s evaluator, by ground-truth label.
UNANSWERABLE N = 1; statistically uninformative.

IDK Level N RB_agg RL_F
0.0 (not IDK) 124 0.3040 0.8220
0.5 (partial IDK) 204 0.2119 0.5494
1.0 (full IDK) 179 0.2253 0.0418

Table 4: Generation quality by IDK level. The 204
partial-IDK responses (53% of all penalized cases) re-
tain moderate faithfulness (RL_F =0.549), suggesting
they contain useful grounded content despite being pe-
nalized.

Crucially, the benchmark’s IDK evaluator as-
signs graded scores: 0.0 (not IDK), 0.5 (partial
IDK), and 1.0 (full IDK). Under IDK-conditioning,
any score > 0.5 is treated as an abstention. Table 4
decomposes the 383 penalized responses by IDK
level.

The 204 partial-IDK responses (IDK =0.5) are
informative. These retain moderate RAGAS faith-
fulness (RL_F=0.549) and LLM-judge scores
(RB_llm=0.597), yet are penalized identically to
full abstentions under IDK-conditioning. Manual
inspection confirms these are predominantly out-
puts of the Partial Answer Generator: they follow
the template “Based on the provided documents,
here is the partial answer. ..”, provide substantive
content, and then explicitly flag missing informa-
tion. This indicates two compounding failures:
the classifier over-routes ANSWERABLE queries
to the Partial path, and the Partial template pro-
duces hedged language that triggers IDK detection
even when the content is grounded. We attribute
the deficit primarily to the classifier, though the
Partial Answer template’s hedged language may
independently trigger IDK detection even on cor-
rectly routed queries (see Limitations).

The GEPA optimizer, trained on retrieval recall,
provided no signal on answerability or generation
quality, leaving the classifier and templates untuned
for the Subtask C metric.

Collection N IDK% RB_agg RL_F
CLAPNQ (Wikipedia) 142 76.8 0.2410 0.4654
Govt 157 77.7 0.2399  0.3839
Cloud 131 65.6 0.2583  0.5170
FiQA 77 85.7 0.2018  0.3557

Table 5: IDK rate and generation metrics by collection.

Dom. Question Gold answer System output
FiQA Seller  pay Seller contribution “I  don’t have
3%? (T6) limit is 3% of pur- enough informa-
chase price. tion to answer...”
Govt Meteoroid? A meteoroid is a “I’m experiencing
(T6) small rocky body.  technical difficul-

ties...”

CLAPNQ Who won Bull ~ Confederate “...could you
Run? (T1) forces won. please  provide

more context...?”

Table 6: Representative outputs penalized as IDK on AN-
SWERABLE questions. The FiQA and CLAPNQ cases
reflect the Clarification Request template; the Govt case
is a hard-coded API exception fallback.

5.3 Domain and Turn Analysis

Table 5 breaks down results by collection. FiQA
shows the highest IDK rate (85.7%). Financial
questions frequently demand specific numeric cor-
roboration; when exact figures were absent, the
classifier routed them to the Partial or Clarification
generators, triggering the penalty. Cloud shows the
lowest IDK rate (65.6%) and highest RL._F (0.517),
suggesting structured technical content more eas-
ily satisfies the threshold for the Complete Answer
Generator.

IDK rates are stable across turns (Turn 1: 73.8%;
Turn >1: 75.8%), indicating the penalty is struc-
tural rather than caused by context accumulation in
later dialogue turns.

5.4 Error Analysis

Table 6 presents three ANSWERABLE questions for
which our conversational responses were penalized.
These cases illustrate the routing mechanics.

In FiQA and CLAPNQ), the Answerability Clas-
sifier routed answerable questions to the Clarifica-
tion Request Generator. In Govt, the output (“I'm
experiencing technical difficulties™) is the hard-
coded exception fallback from our implementation
when the Gemini API encounters a block. When
the system correctly routed queries to the Complete
Answer Generator (the 124 non-IDK responses,
24.5% of all tasks), generation quality was sub-
stantially higher: RB_agg =0.304, RL_F=0.822,
RB_Ilm =0.754—confirming that the retrieval and
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synthesis pipeline is sound when allowed to operate
within the benchmark’s expectations.

6 Conclusion

NLP-CEIA-UFG implements a multi-turn RAG
architecture featuring an iterative retrieval loop
(Query Generator <+ Notes Builder) and a 3-way
generation router (Complete, Partial, Clarifica-
tion). Our retrieval performance is competitive
(nDCG@5 = 0.4502), but the generation score
(HM = 0.3774) is limited by an over-conservative
Answerability Classifier that routes 69.8% of AN-
SWERABLE questions away from the Complete An-
swer Generator. When the classifier routes cor-
rectly, generation quality is high (RL_F=0.822).

The analysis further reveals that partial-IDK re-
sponses (IDK =0.5) retain moderate faithfulness
(RL_F=0.549) yet are penalized identically to
full abstentions under IDK-conditioning—a find-
ing that may inform future benchmark design to-
ward finer-grained IDK penalty tiers distinguishing
hedged-but-grounded responses from uninforma-
tive ones. Future work should (i) optimize the
Answerability Classifier jointly with the generation
metric rather than retrieval recall alone, (ii) cali-
brate generation templates to reduce hedging pat-
terns that trigger IDK detection, and (iii) explore
probabilistic routing strategies in which the classi-
fier outputs a confidence score over labels, allowing
the abstention threshold to be tuned directly against
the IDK-conditioned HM objective.

Ethics Statement

This work uses an existing public benchmark. The
system’s design emphasizes transparency: by ex-
plicitly stating what information is missing (Par-
tial Answer) and requesting context (Clarification
Request), the architecture actively prevents hallu-
cination while keeping the user informed. The
proprietary models used (gpt-oss-120b, Gem-
ini 2.5 Flash) may embed pretraining biases.

Limitations

No component-level ablations were conducted; in
particular, the contribution of the iteration count
(K = 3) was not empirically validated against
K =1 or K = 2 baselines. A systematic compari-
son would require full pipeline evaluations across
multiple values of K, which was infeasible within
the submission window due to API rate limits and
latency constraints; we identify this as the primary

empirical gap and plan to address it in future work.
All inference ran through third-party APIs, which
increased latency and limited the number of full
pipeline evaluations feasible within the submission
window. The GEPA optimization objective (re-
trieval recall) does not align with the Subtask C
evaluation metric; while it improved the Query
Generator prompt, the Notes Builder retained its
initial prompt. Our post-hoc analysis identifies the
IDK penalty at the aggregate level but cannot fully
disentangle classifier behavior from template-level
effects.
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A.1 Iterative Query Generator

The Query Generator is powered by our opti-
mized prompt, engineered specifically to han-
dle the complexities of multi-hop retrieval.
This comprehensive instruction set receives the
question, conversation_history, and
notes (containing search_suggestions,
missing_info, and key_findings).

System Instructions (Abridged for formatting):
You are a multi-hop retrieval planner.  Your
job is to produce three new search queries for
a hybrid retrieval system (BM25 + dense) and
supply two rerank-phrases (rerank_query and
final_rerank_query).

1. Determine Question Type & Answerability:
Classity the question (Factoid, How-To, Compara-
tive, Composite, Other). Assess answerability. If
Unanswerable, still generate queries targeting miss-
ing pieces.

2. Process the Notes (Order matters):

* search_suggestions: Use verbatim if it covers a
missing element.

* missing_info: Ensure at least one query explic-
itly targets each distinct missing element.

* key_findings: Never create a query whose pri-
mary intent is to retrieve a fact already known.

3. Craft the Three Queries:

» Length & Structure: 8-15 words. Format:
specific-keyword(s) — contextual terms —
broader semantic cue.

e BM25/Dense friendly: Include exact entities for
sparse, and capture overall intent for dense.

* Diversity: Each query must target a different
facet.

4. Edge-Case Handling:

e All info retrieved: Return a generic specific
query to reinforce knowledge.

* Redundant queries: Rewrite using synonyms or
different facets.

* Ambiguous phrase: Treat as Keyword type and
enrich with context.

A.2 Notes Builder

Analyze retrieved documents and build structured
notes to guide the next retrieval hop. Be specific and
actionable.

Your analysis should:

1. Identify what relevant information was found
in the retrieved documents (key_findings)

2. Determine what information is still missing to
fully answer the question (missing_info)

3. Suggest specific search strategies for the next
hop (search_suggestions)

A.3 Response Generation Routing Prompts

Depending on the Answerability Classifier (A, P,
U), one of the following templates is sent to Gemini
2.5 Flash:

1. Complete Answer Generator
(ANSWERABLE)

You are a helpful assistant. Answer the question based
ONLY on the provided documents and conversation
context.

Instructions:

* Use only information from the provided docu-
ments.

* If information spans multiple documents, syn-
thesize appropriately.

* Maintain conversational tone appropriate to the
context.

» Be specific and cite relevant details.

¢ If the documents don’t fully address the ques-
tion, acknowledge limitations.

2. Partial Answer Generator (PARTIAL)

Based on the provided documents, you can only par-
tially answer the user’s question.

Task: Provide a partial answer and clearly explain
what information is missing. Format your response as
follows:

1. Start with what you can answer based on the
available documents.

2. Clearly state what information is missing or
incomplete.

3. Suggest what additional information would be
needed for a complete answer.

3. Clarification Request Generator
(UNANSWERABLE)

The user has asked a question that cannot be ade-
quately answered with the available documents.
Task: Generate a helpful clarification request that:

1. Acknowledges that you don’t have sufficient
information.

2. Asks for specific clarification or additional con-
text.

3. Suggests what type of information would be
helpful.

4. Maintains a helpful and professional tone.

B GEPA Optimization Details

The 50-sample optimization dataset was strati-
fied across: (i) collection (CLAPNQ, FiQA, Govt,
Cloud); (ii) answerability; and (iii) question type
(Factoid, How-To, Comparative, Composite, Expla-
nation, Keyword, Opinion, Summarization, Trou-
bleshooting). GEPA received as per-trajectory feed-
back the complete retrieved document list and the
gold documents the system failed to retrieve.
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The optimizer ran end-to-end over both retriever
modules. For the Query Generator, GEPA accepted
prompt mutations that improved retrieval recall;
the resulting optimized prompt is shown in Ap-
pendix A.l. For the Notes Builder, no demonstra-
tions were added and no mutations were accepted
into the Pareto frontier across the full optimization
budget—consistent across generations, not an ar-
tifact of early stopping—and it retained its initial
prompt. Runs tracked via MLflow. DSPy v3.1.2;
objective: retrieval recall@ 10 on the development
set.
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