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Abstract

We present NCL’s system for SemEval-2026
Task 8B, the generation track for multi-turn
retrieval-augmented dialogues. Our submis-
sion follows a compact and reproducible RAG
pipeline: (1) global and local question rewriting
with LLM-based multi-turn relation control, (2)
passage reranking with BGE-M3, (3) context-
level answerability filtering with strict binary
LLM judgments (“yes”/no”), and (4) deter-
ministic inference with a small-1lm (Qwen2.5-
1.5B-Instruct) plus post-generation quality fall-
back (cleaning, bad-answer gate, one stricter
retry, then an IDK fallback). On the official
test set, our system achieved a harmonic mean
score of 0.5973 (RBgg44 0.4993, RLFr 0.7235,
RBy;m, 0.6105), ranking 19th out of 26 teams
on the leaderboard.

1 Introduction

Multi-turn retrieval-augmented generation (RAG)
requires balancing three often competing goals:
(1) faithfulness to retrieved evidence, (ii) com-
pleteness with respect to the user question and
dialogue state, and (iii) fluency and helpfulness.
The original MTRAG benchmark frames multi-
turn RAG as an end-to-end setting over human-
generated conversations with active retrieval, long-
form answers, non-standalone follow-up questions,
and varying answerability (Katsis et al., 2025).
MTRAG-UN extends this setting with challeng-
ing tasks that emphasize unanswerable, underspec-
ified, and non-standalone questions, as well as un-
clear responses across six domains (Rosenthal et al.,
2026a). SemEval-2026 Task 8 operationalizes this
benchmark family as MTRAGEval, covering re-
trieval, generation with reference passages, and full
RAG, with both reference-based and reference-less
metrics (Rosenthal et al., 2026b).

Our design goal is a small-model, determinis-
tic, zero-shot, and conservative system that can be
run locally while minimizing hallucinations. In-
stead of maximizing stylistic richness, we focus on

evidence-grounded answers and a robust “I don’t
know” (IDK) behavior when the provided passages
do not contain enough information.

From a broader perspective, multi-turn RAG is
harder than single-turn RAG because retrieval qual-
ity depends on dialogue interpretation. In many
turns, the latest user utterance is incomplete on its
own and relies on references to entities, events, or
constraints introduced earlier in the conversation.
If a system retrieves only with the last surface-form
query, it often misses key evidence and amplifies
downstream generation errors. At the same time,
naively appending all history can introduce topic
drift, noisy lexical signals, and context-window
pressure, especially for compact generators. This
motivates explicit mechanisms for history-aware
retrieval and answerability control.

Current multi-turn RAG methods usually com-
bine three ideas. First, they reformulate the current
question into a standalone query by resolving ref-
erences from previous turns. Second, they select
or summarize only relevant dialogue history rather
than passing the full transcript. Third, they apply
grounding instructions. These instructions sepa-
rate dialogue context from retrieved passages. The
former is used for interpretation, and the latter is
used for factual support. Many systems also use
an abstention rule when evidence is missing. The
MTRAG benchmark highlights this trade-off. Sys-
tems must stay faithful to retrieved passages. At
the same time, they must produce answers that are
complete and contextually appropriate (Rosenthal
et al., 2026a).

Related work in this space has emphasized both
retrieval robustness and evaluation robustness. On
the modeling side, dense multilingual embeddings
and rerankers such as BGE-M3 improve retrieval
and matching for diverse inputs (Chen et al., 2024;
of Artificial Intelligence , BAAI). On the evalu-
ation side, RAGAS-style faithfulness judges pro-
vide complementary reference-less signals when
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reference answers are incomplete or stylistically
different (Es et al., 2024). The MTRAG evalua-
tion protocol combines these views through RB, 4,
RBy;;,, and RLf, encouraging systems that are not
only fluent but also verifiably grounded (Rosenthal
et al., 2026a,b).

Following this line, our submission intention-
ally prioritizes reliability over aggressiveness. We
use deterministic inference with a small instruction
model, explicit relevance filtering for both passages
and dialogue turns, and a strict answerability pol-
icy. This design does not aim for maximal lexical
overlap with references. Instead, it aims for stable
behavior under noisy retrieval and limited compute,
which is a realistic deployment scenario for many
local or resource-constrained settings.

2 Task and Evaluation

Task 8B (generation track) provides a user—
assistant dialogue history and a set of retrieved
passages for each turn. Systems must generate a fi-
nal answer for the last user query. The official score
is the harmonic mean of three metrics (Rosenthal
et al., 2026b):

* RB,,,: a reference-based aggregate metric
combining algorithmic measures (including
ROUGE (Lin, 2004) and BERTScore (Zhang
et al., 2019)) as defined by the task.

* RBy;;,,: an LLM-as-a-judge reference-based
score that evaluates faithfulness, appropri-
ateness, and completeness (Rosenthal et al.,
2026Db).

* RLy: a reference-less faithfulness judge
adapted from RAGAS (Es et al., 2024).

3 System Overview

Figure 1 outlines our pipeline. In this version, the
implementation follows a deterministic evidence-
grounded generation workflow with an explicit
LLM-based multi-turn controller. The main steps
are: (1) evidence pre-check, (2) global question
rewrite, (3) four-class relation classification against
recent turns, (4) class-conditioned history expan-
sion and local rewrite, (5) passage reranking and
constrained prompting, and (6) deterministic infer-
ence with post-generation quality fallback.

3.1 Step 1: Evidence pre-check

For each sample, we first read the last user query
from the dialogue. If the provided contexts field

C sations
Global Rewrite HRelalion Cllassiﬁcation]
Deterministic Inference Passages Rerank
+ Post-gen Quality Fallback + Prompt ocal Rewrite

Figure 1: System pipeline for Task B generation.

is empty, we directly output the fixed abstention
string:

I cannot find the answer in the given documents.

This enforces strict grounding in the reference set-
ting, where an evidence-backed answer is only at-
tempted when passages are provided.

3.2 Step 2: Global rewrite of the last question
(pronoun-aware policy)

Before history classification, we rewrite the last
question @) into an evidence-faithful standalone
query, focusing on semantic completion and
coreference resolution, without introducing any
new facts. We first apply a regex-based pro-
noun/coreference detector on Q; (e.g., it, this, that,
these, those, they, them, he, she, him, her, its,
their, there, such, former, latter). If a signal is
detected, we rewrite using only the immediately
previous turn; otherwise, we rewrite using the
full dialogue history. The two cases use separate
fixed prompt templates but share the same con-
straints, producing the normalized global query
Q7 (or decomposed queries) for downstream de-
cisions. We use the immediately previous turn in
the pronoun-triggered case as a conservative choice
to reduce topic drift and avoid injecting unrelated
entities from older history. This can miss refer-
ences whose antecedents appear two or more turns
earlier, but the later relation classification and class-
conditioned history expansion partially compensate
for such cases.

3.3 Step 3: Four-class relation classification

The core controller compares the current question
with the previous user question (();—1) and pre-
vious assistant answer (A;_1) using deterministic
LLM judgment. We use four categories exactly as
in the code:

» Category 1: related to both ();_1 and A; 1
(continuation follow-up).

» Category 2: related to (;_1 but not to A;
(new subtopic under same question thread).
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¢ Category 3: not related to ();_ but related to
A;_1 (answer-triggered follow-up).

» Category 4: related to neither (new topic).

This relation-first design explicitly models how
multi-turn dependence enters retrieval and genera-
tion: dependence on prior user intent, prior assis-
tant content, both, or neither.

3.4 Step 4: Class-conditioned history
expansion and local rewrite

After classification, we apply a class-specific his-
tory policy:

e Category 1: include (Q¢—1,A4:-1)
and recursively check older user
turns (Qt72a Qt737 .- ')’ up to

HIST_USER_TURNS=3; the recursion con-
tinues only if each newly checked turn is
still classified as Category 1, and it stops
immediately once a turn is classified as
Category 2/3/4.

» Category 2/3: include only the most recent
pair (Q¢—1, A;—1) and stop.

» Category 4: include no history and stop.

If category is 1/2/3, we perform a second, local
rewrite conditioned on the selected history and re-
lation metadata. The local rewrite produces three
outputs: (i) a brief summary of the selected history
(a few short sentences describing what the user and
the assistant discussed in the selected turns), (ii)
an explicit intent analysis for the current query QY
(what information and constraints the user is ask-
ing for), and (iii) the locally rewritten standalone
question @}, which injects only the necessary con-
straints from the selected history to remove ambi-
guity. This Q! is used for passage reranking and
final answering. In all cases, history is marked
as context-only (for reference resolution), not as
factual evidence.

3.5 Step 5: Passage reranking and
answerability-gated prompt construction

We rerank the provided contexts using BGE-M3
embeddings (of Artificial Intelligence , BAAI;
Chen et al., 2024) with cosine similarity to the
locally rewritten query @, and keep the top-k pas-
sages (k = 5). We then concatenate the entire
reranked top-k set into a single evaluation prompt

and apply an LLM-based Answerability Gate con-
ditioned on (i) the rewritten question th and (ii)
the selected dialogue history from Step 4. The gate
judges whether the top-k passages as a whole con-
tain sufficient information to satisfy the user intent,
and is constrained to output a strict binary decision
(“yes” or “no”). If the decision is “no”, the sys-
tem directly returns the fixed IDK response without
entering final answer generation.

3.6 Step 6: Deterministic inference and
post-generation quality fallback

We use Qwen2.5-1.5B-Instruct (Team, 2025) as
the generator via transformers (Wolf et al.,
2020). This compact instruction-tuned model bal-
ances generation quality with deployment effi-
ciency, making it practical for zero-shot prompt-
ing in resource-constrained settings while main-
taining strong instruction-following capabilities.
To improve reproducibility and reduce variance,
we use deterministic inference (do_sample=false,
temperature=0, top_p=1) and limit output length
(max_new_tokens=96).

The model is loaded with 4-bit NF4 quantiza-
tion via bitsandbytes-style configuration, following
the quantization strategy popularized by QLoRA
(Dettmers et al., 2023). After generation, we run
regex-based cleaning (remove chat markers/prompt
echo/role prefixes) and a bad-answer gate (e.g.,
question restatement, too short, malformed ending,
vague numeric response for count questions). If
flagged, we execute one stricter retry; if still invalid,
we output IDK. Combined with the pre-generation
context answerability filter, this yields a two-stage
abstention policy: evidence-level abstention before
generation and quality-level abstention after gener-
ation.

4 Experimental Setup

Table 1 summarizes key hyperparameters (taken
from our released implementation).

We run in deterministic mode end-to-end, includ-
ing relation judgment and rewriting calls, to reduce
run-to-run variance and simplify ablation analysis.
Each sample therefore follows a fixed sequence:
global rewrite — category classification — local
rewrite — rerank — top-k context answerability
filtering — answer generation — post-generation
quality fallback. This makes error attribution easier
because the stochastic component is minimized.

In this setup, added robustness mainly comes
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Component Setting

Generator Qwen2.5-1.5B-Instruct
Quantization 4-bit NF4 (compute bf16)

Max tokens 96

Passage reranker BGE-M3 embedding cosine

Top passages k 5

History depth cap 3 previous user turns

IDK trigger Empty contexts, passages unan-

swerable, or failed retry

Table 1: Core configuration of the submitted system.

Method / Dataset RB.yy RLr RByy HM

0.4993 0.7235 0.6105 0.5973
0.3221 0.7011 0.6764 0.4992
0.3051 0.6833 0.6973 0.4858

Proposed method / Competition
Proposed method / Reference
No Classification / Reference

Table 2: Official competition-set result and reference-
set evaluation with an ablation that removes history
classification/selection (No Classification).

from control logic rather than larger model size:
two-stage rewriting improves standalone query
quality, category-driven history control limits ir-
relevant context injection, and document-level an-
swerability filtering blocks low-value evidence be-
fore generation. The post-generation quality fall-
back further prevents unstable surface-form failures
from propagating to final outputs. The trade-off is
higher inference latency due to extra LLM calls,
especially for category-1 samples that trigger recur-
sive backward checks and for samples with larger
top-k filtering cost.

5 Results and Analysis

On the official competition set (507 tasks), our sys-
tem obtained an overall score of 0.5973 (RBg,
0.4993, RLF 0.7235, RBy;,, 0.6105), ranking 19
out of 26 submissions. We additionally evaluate on
a separate reference dataset (842 tasks) to assess
generalization, and we include an ablation that re-
moves the history classification/selection step by
directly feeding the full dialogue history to the lo-
cal rewrite stage (denoted as No Classification in
Table 2). For the proposed method, the reference-
set scores are RB,44 0.3221, RLr 0.7011, RBy;yp,
0.6764, and Harmonic Mean (HM) 0.4992. The
relatively strong RLr reflects stable grounding be-
havior under the reference-less faithfulness judge,
consistent with our strict evidence constraints and
answerability gating. In contrast, RB,, is lower
because reference-based overlap metrics are sen-
sitive to wording and to missing optional details,
which can be amplified by our conservative absten-

tion and concise answering strategy. On the refer-
ence dataset, the proposed method outperforms No
Classification on RB44 (0.3221 vs. 0.3051), RLp
(0.7011 vs. 0.6833), and HM (0.4992 vs. 0.4858),
suggesting that class-conditioned history selection
reduces prompt noise and helps retrieval and gener-
ation stay aligned with evidence, improving both
overlap-oriented scoring and faithfulness. Mean-
while, No Classification achieves a slightly higher
RBy;;, (0.6973 vs. 0.6764), which we attribute to
the judge rewarding answers that appear more com-
plete or conversationally appropriate when the full
dialogue context is provided, even though the ex-
tra context can also distract the model and slightly
degrade evidence-faithful behavior (as reflected by
RLF).

In our manual inspection, the main error modes
are:

* Over-abstention: the system outputs IDK
when the passages contain partial but suffi-
cient evidence, lowering RB,4, despite pre-
serving grounding.

* Underspecified answers: short answers are
often faithful but omit details expected by
the reference answer, especially under the 96-
token cap.

» False answerability: the gate or generator
sometimes accepts evidence that is only top-
ically related. For example, for “Which is
more important?” the output defined NAV and
market capitalization without answering the
comparison; and for a phone-interaction secu-
rity question, the answer drifted to a generic
WebSocket description.

Overall, these results indicate a precision—recall
trade-off: our proposed pipeline prioritizes faithful-
ness and controlled generation, which is useful for
reducing history noise and improving intent align-
ment. However, when a task requires richer infor-
mation, the model may produce under-detailed an-
swers, abstain too early, or misjudge document an-
swerability. The same control logic also increases
latency relative to a direct generation baseline, be-
cause each non-empty sample can require multiple
sequential small-LL.M calls before the final answer
is produced.

6 Conclusion

This paper presents a compact, deterministic, and
reproducible multi-turn RAG system for SemEval-
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2026 Task 8B. Our pipeline combines pronoun-
aware global rewriting, four-class relation classi-
fication with class-conditioned history selection,
BGE-M3 top-k reranking, binary answerability
gating, and post-generation quality fallback with
IDK control. On the official test set, the system
reaches a harmonic mean of 0.5973 with strong
reference-less faithfulness (RLz = 0.7235), and
on the reference-set ablation it improves HM over
the no-classification variant (0.4992 vs. 0.4858),
showing the benefit of structured history control.
The main limitations are over-abstention, under-
detailed answers, and occasional answerability mis-
judgment. Future work will focus on calibrat-
ing abstention thresholds, strengthening rerank-
ing/answerability modules, and adding lightweight
evidence planning to improve completeness while
preserving faithfulness.
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