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1 Introduction

The report describes the work conducted by several teams involved in the ANR,
GUIDANCE project for the iKAT evaluation campaign. The ANR GUIDANCE
aims to advance research in General Purpose Dialogue-assisted Digital Informa-
tion Access. This involves tackling challenges such as the design and adapta-
tion of large language models (LLMs) for better information access, enhancing
LLMs’ generalization capabilities to new domains and languages, ensuring the
truthfulness of outputs, and addressing the lack of open-access state-of-the-art
models. The GUIDANCE project also seeks to unite the French Information
Retrieval community and produce open-access resources for model evaluation
and development.

This report first details the retrieval module Section [2] then the genera-
tion methodology in Section We finally describe the runs that were finally
submitted in Section

2 Conversational IR

Document retrieval is done using a first stage sparse retriever tailored for con-
versation. We grounded our approach in CoSPLADE [2] and explored ways to
increase the length of the context that can be considered by using more modern
architectures than DistilBERT.
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2.1 CoSPLADE

CoSPLADE extends SPLADE to conversational contexts by aligning the sparse
representation of the full conversational history Qcony with that of a gold rewrit-
ten query ¢* (e.g ”when is she born” rewritten into ”when is Queen Elizabeth II
born” according to the conversation). Different from CoSPLADE, we minimize
the cosine between the student’s predicted term weights and the frozen teacher’s
weights:
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where w(v | -) denotes the log-saturation weight for token v in the vocabulary
V. The model is trained on the QReCC and OrConvQA datasets.

2.2 Long Context CoSPLADE - CoSPLADEv2

The main limitation of SPLADE++ is its context length, which is limited to 512
tokens. It is not enough to fit the whole conversation history in many cases. We
therefore decided to use another backbone, namely NeoBERT [I]. NeoBERT
is a modern BERT variant that shares the original BERT tokenizer but allows
analyzing texts of up to 4096 tokens.

NeoBERT Backbone The first phase of retrieval training was the distillation
of SPLADEv3 into NeoBERT. Queries and documents from the MSMARCO
document corpus were embedded by both models, and a simple Distillation
MSE loss was computed between both embeddings to bring the student’s rep-
resentations closer to those of the teacher, SPLADEv3. A maximum sequence
length of 512 tokens was set for training.

Distillation for conversation Using this backbone, we then trained a[CoS
[PLADE]| model, which we name CoSPLADEv2. Its longer context length allows
us to input the whole conversation in the encoder. We then followed the same
training methodology than in Section 2.1}

3 Answer generation

For response generation, we employ a modified Retrieval-Augmented Generation
(RAG) pipeline [3], designed to reduce hallucinations and ensure that outputs
remain grounded in retrieved evidence. In all runs, we select the 10 best doc-
uments of the passage ranking phase as documents for the generation. We use
GPT-4.1 as a generative model for all steps in the generation phase.

PTKBs Selection. The relevant PTKBs are selected at each user utterance.
To do so, GPT-4.1 is given the PTKB selection task explanation as a system
instruction, and then prompted with the full set of PTKBs and their indices, the



conversation history, and the latest utterance of the user. It is asked to output
the list of PTKBs indices, and allowed to output an empty list if no PTKB is
relevant.

Ambiguity and Clarification Check. Rather than generating responses
directly, we adopt a Chain-of-Thought (CoT) prompting strategy inspired by
Tang et al. [5], who propose an ambiguity type taxonomy for conversational
clarification. We extend this approach by instructing the LLM to first predict
potential ambiguity types, which serve as intermediate reasoning signals. The
model then determines whether the query is ambiguous and, if so, generates
clarification requests to enable mixed-initiative interaction with the user.

Document Summarization. If no ambiguity is detected, the model pro-
duces a direct response summarizing the retrieved passages and grounded in
the conversational context (relevant PTKBs, the conversation history and the
last user utterance) avoiding hallucinations. We summarize retrieved passages
to retain essential information and reduce input length, optimizing response
generation efficiency.

GEval. We integrated the reference-free GEval [4] evaluation pipeline to eval-
uate the outputs of our modified RAG-based answer generation system, using
metrics-Relevance, Completeness, Naturalness, and Groundedness to systemat-
ically assess how well responses leverage selected PTKBs, resolve ambiguities,
and summarize retrieved evidence. This alignment ensures that generated an-
swers are not only fluent and contextually appropriate but also demonstrably
tied to the underlying retrieval and clarification stages, providing a consistent
measure of end-to-end response quality.

4 Submitted runs

4.1 Response Generation Only

gpt-clarif-sum-topl0 gpt-4.1 pipeline that detects the need for clarification
question, ask for a clarification or answer the user’s query. use top-10 documents
from retrieval and summarize each of them before querying.

4.2 Passage Ranking and Response Generation

agg false-qrec-mse-sum-topl0 retrieval: [CoOSPLADEv2| model (NeoBERT
backbone) aligned with SPLADEv3, trained on QReCC with MSE loss. The

query representation is aggregated over the current query only. generation:
gpt-4.1 pipeline to extract relevant PTKBs, to detect the need for clarification
question, and to answer the user’s query. use top-10 documents from retrieval
and summarize each of them before querying.



agg_true-qrec-mse-sum-topl0 retrieval: [CoSPLADEv2| model (NeoBERT
backbone) aligned with SPLADEv3, trained on QReCC with MSE loss. The

query representation is aggregated over all the conversation. generation: gpt-4.1
pipeline to extract relevant PTKBs, to detect the need for clarification question,
and to answer the user’s query. We use the top 10 documents from retrieval
and summarize each of them before querying.

cosine-orconvqa-sum-top10 retrieval: [CoSPLADE|model with a SPLADEv3
backbone, trained on OrConvQA with cosine loss, history size of 1. generation:
gpt-4.1 pipeline to extract relevant PTKBs, to detect the need for clarification
question, and to answer the user’s query. use top-10 documents from retrieval
and summarize each of them before querying.

5 Conclusion

In this report, we presented the GUIDANCE project’s submission to the TREC
iKAT 2025 campaign, focusing on robust Conversational Information Retrieval
and grounded answer generation. To overcome the context limitations of previ-
ous sparse retrieval models, we introduced CoSPLADEv2, a NeoBERT-backed
architecture capable of processing extended conversation histories, which we
aligned with SPLADEv3 via distillation.

For the generation phase, we implemented a modified RAG pipeline that
leverages Chain-of-Thought prompting to actively detect ambiguities and gener-
ate clarification requests when necessary. By integrating these retrieval advance-
ments with a hallucination-resistant generation strategy—validated through
GEval metrics—we aim to provide more accurate and context-aware responses.
Future work will focus on analyzing the official iKAT evaluation results to fur-
ther refine the interplay between sparse conversational embeddings and Large
Language Model reasoning. Furthermore, we aim to achieve a better integration
of the PTKB in both the retrieval and generation phases
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