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Abstract
Active understanding and clarification of user intent is crucial for
information-seeking systems based on Large Language Models
(LLMs), as it enhances search efficiency and improves user experi-
ence for human-LLM interaction. While existing systems rely on
domain-specific resources to generate clarifying questions, they
face challenges when extended to open-domain scenarios due to
the lack of human-LLM clarification data. In this paper, we propose
ClariLM to synthesize large-scale clarification data and enhance the
LLMs’ clarification capability. Specifically, we design two key stages
to prepare data: first, given a user question, the Clarification Facet
Detection (CFD) stage employs a facet mining model learned from
human-LLM conversation logs to predict realistic potential clarifi-
cation candidates. Additionally, it incorporates direct predictions
from powerful LLMs as supplements to guarantee comprehensive
facet coverage. While CFD ensures high recall of facet candidates,
the subsequent Optimal Facet Selection (OFS) stage synthesizes a
set of new questions and employs a reasoning model to annotate
the optimal facet for each question, which further improves the pre-
cision of ClariLM in clarification necessity prediction and optimal
facet selection. The collected data are then applied for supervised
fine-tuning, followed by constructing preference data for preference
optimization. Experiments on our custom test set and two public
benchmarks demonstrate that ClariLM significantly outperforms
various baseline models across clarification necessity, clarifying
question quality, and GPT-4-based comparative evaluation.

CCS Concepts
• Information systems→ Language models.

Keywords
Clarifying Question, Large Language Model, Conversational Infor-
mation Seeking, Conversation Log
∗Zhicheng Dou is the corresponding author.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
CIKM ’25, Seoul, Republic of Korea
© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-2040-6/2025/11
https://doi.org/10.1145/3746252.3761068

ACM Reference Format:
Ziliang Zhao, Haonan Chen, Shiren Song, Jian Xie, and Zhicheng Dou.
2025. ClariLM: Enhancing Open-domain Clarification Ability for Large
Language Models. In Proceedings of the 34th ACM International Conference
on Information and Knowledge Management (CIKM ’25), November 10–14,
2025, Seoul, Republic of Korea. ACM, New York, NY, USA, 11 pages. https:
//doi.org/10.1145/3746252.3761068

1 Introduction
In conversational information seeking [27–30] scenarios where
users interact with Large Language Models (LLMs), the user ques-
tions are often incomplete or ambiguous [4], withmulti-dimensional
missing information in a single utterance [55]. In such cases, an
LLM-initiated clarifying question [48] can help explore the user’s
real intent and improve the user’s interaction experience. Clarifica-
tion is useful in many scenarios. For example, in Figure 1, case (a)
illustrates a medical consultation assistant [24]. The user states that
their right knee has been hurting after playing football. The system
sequentially guides the user to provide more details by asking about
the specific pain part and whether it hurts when extending the leg.
This helps further identify the possible symptoms and propose
appropriate solutions. Besides, case (b) shows an e-commerce cus-
tomer service assistant [14]. The user expresses interest in buying
a watch, and the system first provides a list of brands, then inquires
about budget preferences, watch type, and whether the purchase
is for someone else. This enables more precise recommendations.
These clarifying questions help progressively refine user intent,
enhancing user experience while efficiently fulfilling their needs.

Recently, many studies on clarification design how to generate
high-quality clarifying questions within specific scenarios, such
as Web search [49, 50, 56, 57], conversational search [1–3], and
knowledge-intensive QA/dialogue [16, 51]. However, these meth-
ods are typically tied to specific tasks and domains, while it is
challenging to guide the clarification ability of LLMs in a
generalized human-LLM interaction scenario due to the lack
of data. Specifically, first, existing studies usually rely on domain-
specific resources to obtain clarification data. For example, Web
search clarification data can be obtained through query reformu-
lation, while in conversational search, the quality of clarification
can be judged by improvements in search results. However, in
a human-LLM interaction scenario, it is difficult to obtain intent
clarification signals [4], leading to the lack of original intent
clarification data. Second, a single query often has multiple facets
requiring clarification [55], therefore several clarifying questions
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Casio OmegaLorex IWC Others

I would like to buy a watch.

(b) E-commerce Intelligent Customer Service

(a) Medical Consultation Assistant

After playing football last time, my right knee 
has been aching. What should I do?

Q: Is the pain in your tibia, patella, or tendon?

I am sure that the pain is in my tibia.

Q: Is it painful when you are not exerting 
force and when your legs are straight?

I need testimonials on the universal animal cuts 
nutritional supplement.

A: Patellar tendinitis due to excessive exercise. 
Don’t worry, it will heal within three weeks. 
Do not exercise.

I would like to buy an Omega watch.

Which brand of watch do you want to buy?

Provide more information like the budget, 
type, and who are you shopping for.

Here are watches you may like.

A digital watch for my son. About 300$.

Figure 1: Two examples of asking clarifying questions in
conversational information-seeking systems.

are reasonable as candidates. For example, when a user asks an
LLM to recommend nearby coffee shops, it is necessary to first
clarify the user’s location before addressing other details, such as
the type of coffee or the number of people going. Therefore, it is
also challenging to determine which facet should be targeted for
questioning or whether a clarifying question should be asked due
to the lack of clarification preference data.

In this paper, we propose ClariLM to enhance the clarification
ability of LLMs. To mitigate the data lacking issue for ClariLM, we
design a two-stage detection-selection framework that captures
realistic and comprehensive user intents and decides whether to ask
a clarifying question and which missing intent to target. In the first
stage Clarification Facet Detection (CFD), the goal is to obtain a
both realistic and comprehensive set of clarification facet candidates,
improving recall in clarification targeting. To ensure the realism of
clarification, we propose incorporating human-LLM conversation
logs [33], mining user rephrasing or specifications of their intent
within a session, which could be active clarification behaviors. This
information is used to train a log facet miner, which is then applied
to predict potential clarification facets. On the other hand, using
only the log facet miner suffers from sparsity issues, which means
that the predicted facets can be biased toward conversation log data.
To address this, we prompt and guide powerful LLMs (such as GPT-
4o) to directly generate multiple facet candidates as a supplement.
Finally, we combine the results of the two above facet miners to

compose a set of potential clarification facets and corresponding
clarifying questions candidates for a given user question.

In the second stage Optimal Facet Selection (OFS), we aim to
build clarification targets by selecting the best clarification facet
from the CFD-generated candidates to ask the user or decide to
directly answer the user’s question without clarification. Building
upon CFD, this step improves the clarification precision. Due to the
lack of annotated data, choosing which facet to ask about or decid-
ing whether to ask a question is challenging. To this end, we employ
a large reasoning model to annotate the most important clarifica-
tion facet or choose to answer directly. The annotated dataset is
then applied for supervised fine-tuning and evaluation of ClariLM.
To further enable ClariLM to explicitly learn how to determine
whether to ask questions and based on which facets to ask, we
define three preference types: (1) Asking a question is better than
responding directly, (2) Responding directly is better than asking
a question, (3) One question is better than another question. We
then collect preference data based on the annotated dataset and
three preference types and train ClariLM with Direct Preference
Optimization [34] to further improve its clarification ability.

In our experiments, we first evaluate ClariLM on two open-
domain LLM clarification benchmarks: CLAMBER [52], a recently
proposed general LLM clarification benchmark for evaluating open-
domain clarification ability for LLMs. IN3 [33], which focuses on
clarification in agent-based interactions. Additionally, we use a por-
tion of our constructed dataset as a held-out test set. On all three test
sets, we evaluate both clarification necessity and clarifying ques-
tion quality together with GPT-4-based comparative evaluation and
compare ClariLMwith multiple groups of state-of-the-art LLM base-
line models. Experimental results show that ClariLM outperforms
existing LLMs in user intent mining and question-asking ability,
effectively requesting clarification when user questions contain
missing information instead of providing direct responses. More-
over, ClariLM exhibits better decision-making in whether to ask a
question when clarification is unnecessary.

To sum up, our contributions include:
• To our best knowledge, ClariLM is the first method of study-
ing how to clarify user intent in human-LLM conversations
by leveraging LLM logs.

• To build large-scale LLM clarification data, we propose a
novel two-stage approach to generate multiple facet candi-
dates and select the optimal clarification facet.

• The experimental results demonstrate the effectiveness of
ClariLM across multiple benchmarks.

2 Related Work
2.1 Clarification for Information Seeking
Search clarification has become one of the recent research hotspots.
This line of research primarily focuses on two scenarios: conver-
sational dense retrieval and Web search. In conversational dense
retrieval, the system’s goal is to retrieve more accurate documents
for users by asking clarifying questions. For example, Alianne-
jadi et al. [4] first design a framework for conversational dense
retrieval clarification consisting of question retrieval, question se-
lection, and document retrieval. Besides, Hashemi et al. [11] propose
Guided Transformer to help select the optimal clarifying question
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by leveraging external retrieved documents. Bi et al. [6] further
apply negative feedback to generate yes/no-formed questions to
explore the user’s search intent within the several last conversation
turns. However, selecting clarifying questions from a fixed-size
question pool cannot satisfy the users’ complex search intents in
real-world scenarios. Thus, a much more preferable paradigm is
to generate a clarifying question based on the complex real-world
information needs Aliannejadi et al. [1], Krasakis et al. [17], Mass
et al. [26], Sekulic et al. [38], Wang et al. [42, 43]. As for the Web
search, the system goal is to generate a clarifying question together
with several candidate facets for ambiguous or faceted Web short
queries [48]. Some studies focus on how to generate informative
and effective questions [57] and another series of studies focus on
generating high-quality facets [12, 13, 37, 56].

2.2 Clarification for Large Language Models
Recently, with the development of Large Language Models (LLMs),
there are also some studies on how to let LLMs ask clarifying
questions in the interaction with online users. For example, in clar-
ification for conversational retrieval, LLMs can be used to generate
clarifying questions and simulate user responses [42, 43]. For the
web search clarification, the LLMs can be applied to generate better
clarifying questions or query facets [19, 23, 32, 55]. In conversa-
tional recommender systems, leveraging LLMs can also improve the
recommendation effectiveness [10, 41]. These studies have shown
that LLMs help improve the system’s performance due to LLMs’
strong natural language generation and instruction-following capa-
bility in many real-world application scenarios. With the powerful
natural language generation capabilities of LLMs, the existing tasks
and scenarios can be effectively improved [31]. However, it is still
unknown whether LLMs can be used to expand the existing clar-
ification scenarios so that clarification can have an open-domain
application range. To this end, many LLM-based datasets and meth-
ods have been proposed. For example, Zhang et al. [52] built an
open-domain LLM clarification benchmark CLAMBER for evaluat-
ing the LLMs’ clarification ability. Li et al. [22] elicit user interest
by asking clarifying questions generated by LLMs. Andukuri et al.
[5] further design a reinforcement learning system to generate bet-
ter clarifying questions. Deng et al. [9] propose a “Rephrase and
Respond (RaR)” framework to guide the LLM clarification.

2.3 Other Clarification Scenarios
Beyond conversational and Web search, clarification mechanisms
have been extensively studied across various domains to enhance
human-computer interaction. In Question Answering (QA) sys-
tems, a significant series of research [18, 35, 36, 39] has focused on
developing techniques for generating clarifying questions. These
approaches aim to resolve ambiguities [40] in user queries by en-
gaging in targeted dialogue, thereby improving the precision and
relevance of system responses. Besides, the field of Conversational
Recommender Systems (CRS) [7, 8, 10, 45, 53, 59, 60] has similarly
adopted clarification strategies to refine user preferences and deliver
more personalized recommendations. These systems often employ
multi-turn dialogues to elicit additional user feedback or clarify
ambiguous requests, particularly in complex recommendation sce-
narios where user intent may not be immediately apparent [20, 21].

Recent advances have focused on integrating reinforcement learn-
ing and user modeling techniques to make the clarification process
more natural and efficient [41]. Emerging research in multi-modal
clarification [44, 46, 47] extends these concepts to scenarios involv-
ing visual, auditory, or other sensory inputs. These systems face
unique challenges in interpreting and disambiguating multi-modal
user queries, where clarification may be needed to resolve conflicts
between different input modalities or to supplement missing infor-
mation. For example, when processing a query that combines both
text and images, the system might need to ask follow-up questions
to determine which aspects of the visual input are most relevant to
the user’s information need. This line of work represents an impor-
tant frontier in making AI systems more robust and adaptable to
real-world, multi-modal interactions.

3 ClariLM
The construction of open-domain LLM clarification data consists
of two main stages: (1) Clarification Facet Detection (CFD), which
generates a set of candidate facets (and corresponding clarifying
questions) for a given user query based on human-LLM conversa-
tion logs and strong LLMs, and (2) Optimal Facet Selection (OFS),
which selects the best facet or answer directly to form a large-scale
dataset. The dataset is then applied for the training and evalua-
tion of ClariLM. In this section, we first formalize the clarification
task, then detail the CFD and OFS components, including their
algorithmic design and training methodology.

3.1 Problem Formulation
We consider an open-domain clarification task for an LLM-based
assistant. The interaction begins with a user question 𝑞 (which may
be a question, instruction, or search query) that could be ambiguous
or under-specified. The assistant must produce an output 𝑟 that
either clarifies the query by asking a clarifying question 𝑐 to elicit
the missing information (if the query is found to be ambiguous)
or answers the query directly with a factual or task-completing
response 𝑎 (if the query is sufficiently clear or after receiving clari-
fication). Thus, the assistant faces a decision problem: whether to
ask for clarification or not, and if yes, what specifically to ask:

ClariLM(𝑞) = 𝑟 ∈ {𝑐, 𝑎} where
{
𝑐 for clarifying.
𝑎 for answering.

(1)

3.2 Clarification Facets Detection (CFD)
The objective of CFD is to generate as many realistic and com-
prehensive clarification facet candidates as possible for user input
questions to improve recall. The full workflow of CFD is illustrated
in the left part of Figure 2. As shown, CFD consists of two models:
FM-LOG and FM-LLM. FM-LOG extracts user behaviors related to
intent clarification within a conversational session from conver-
sation logs. These behavioral data are used to perform supervised
fine-tuning on FM-LOG. Ultimately, this model can generate multi-
ple potential clarification facets for a given user question through
sampling. By learning from real-world conversation logs, FM-LOG
captures authentic user clarification facets and their corresponding
question candidates. However, due to the sparsity of conversation
logs, FM-LOG may occasionally produce biased results, particularly
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(QL)

(QG)

The user asked a question "[Question]" which 
may lack key information such as ...
Please analyze potential missing information in 
the question and, for each missing piece, provide: 
1. Missing Information, 2. Explanation, and 3. 
Clarifying Question
Consider all possible missing information and 
generate as many reasonable results as possible. 
Output in the following format: <FORMAT>
Now, it's your turn! ··· Try your best!

q

c, f=(f 1, f 2, ···)

Stage 1: Clarification Facets Detection

Extract data formatted 
with (q1, f, c, q2)

LLM 
logs (c, f)

FM-LOG

FM-LOG

q

c, f=(f 1, f 2, ···)

Sampling

(a) FM-LOG

FM-LLM

Inference

(b) FM-LLM (Inference Only)

Stage 2: Optimal Facet Selection

FM-LOG

FM-LLM

(QL,FL)

(QG,FG)

(QG,FL)

(QL,FG)

C
lariLM

SFT

(d) SFT and DPO Training for ClariLM

P N

P N

P N

Question Response

Question1 Question2

Response Question

Instruction r+ / r -q

Three Types of Preference Data

LRM

Training

Sampling

(c) Data Synthesis for ClariLM

Prompting

Prompting

Pre-process
Synthesis

Extraction

ClariLM

Determine whether the question an 
initial post rather than a follow-up 
question. 
Question: [Question]
Judgement:

(QL)

LLM logs First-
turn Question

(1) Extracting Real-world User Questions

(2) Synthesizing User Questions

(QG)
Sampling

Suppose you are [Persona].
Now your task is to generate a quesiton.
Here are some examples: [Demos]

Select a clarification degree:
           origin             more              less

Extraction

QL CLAMBER IN3 QA Data

80% 10% 10%

Generation

DPOTraining Data Construction

Annotation

Figure 2: The ClariLM framework consists of Clarification Facets Detection (CFD) and Optimal Facet Selection (OFS).

for long-tail questions. To address this limitation, CFD additionally
incorporates FM-LLM, which leverages carefully designed prompts
to guide powerful Large Language Models (e.g., GPT-4) in gen-
erating as many clarification facets and corresponding questions
as possible. Finally, the outputs from FM-LOG and FM-LLM are
merged and deduplicated to produce the final results of CFD.

3.2.1 FM-LOG Clarification Data Obtaining. The objective of FM-
LOG is to leverage user-initiated clarification data from conversa-
tion logs to generate authentic, user-interest-aligned clarification
facet candidates for new user questions. To achieve this, it is first
necessary to collect a large volume of real human-LLM conver-
sation logs. In this paper, we merge two mainstream released log
collections, ShareGPT1 and WildChat [54], as our logs L. How-
ever, extracting user-initiated clarification data from these logs is
challenging. To address this, we employ a powerful LLM to extract
useful information from L. We design a prompt structure, as il-
lustrated in Figure 3, to extract data in the format of (𝑞𝑖 , 𝑐, 𝑞𝑖+1, 𝑓 ),
where 𝑞𝑖 and 𝑞𝑖+1 represent the user’s 𝑖-th and (𝑖+1)-th consecutive
questions to the system, while 𝑐 and 𝑓 denote the LLM-generated
clarification question and facet for the transition from 𝑞𝑖 to 𝑞𝑖+1.

Specifically, first, we declare our task as extracting data where the
user’s consecutive questions 𝑞𝑖 and 𝑞𝑖+1 involve the latter clarifying
the former, and we instruct the LLM to generate useful results
such as the clarification question 𝑐 . We then provide three positive
demonstrations where 𝑞𝑖+1 represents an active user clarification
of 𝑞𝑖 . On the other hand, considering that many instances of 𝑞𝑖+1
do not clarify 𝑞𝑖 (e.g., due to intent shifts, follow-up questions, etc.),
we further include four negative demonstrations to enhance the
model’s annotation accuracy. Finally, we input the entire sequence
of user questions from a log session and instruct the model to output
the results in a specific JSON format.

1https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_unfiltered

3.2.2 FM-LOG Training. After data collection, we obtained 104k in-
stances of data in the format 𝐷 = (𝑞𝑖 , 𝑐, 𝑞𝑖+1, 𝑓 ). We further process
the data such that the input is 𝑞𝑖 , and the output is the combination
of 𝑓 and 𝑐 . We select LLaMA3-8B2 as our base model and perform
Supervised Fine-Tuning (SFT) on the collected data 𝐷 to obtain the
FM-LOGmodel with strong clarification prediction ability. Formally,
FM-LOG aims to optimize the following loss function:

LFM-LOG (𝜃 ) = −
∑︁

(𝑞𝑖 ,𝑐,𝑓 ) ∈D
log 𝑝 (𝑓 , 𝑐 |𝑞𝑖 ;𝜃 ), (2)

where 𝜃 denotes the model parameters, and 𝑃𝜃 (·|𝑞𝑖 ) represents the
conditional probability of generating the clarification question 𝑐

and facet 𝑓 given the input query 𝑞𝑖 . This objective ensures that
FM-LOG learns to generate both clarifying questions and facets that
align with user interests based on historical interaction patterns
extracted from human-LLM conversation logs.

3.2.3 FM-LOG Inference. Since a single user question 𝑞 may cor-
respond to multiple clarification facets 𝑓 (or clarifying questions
𝑐), while the training phase only generates one facet per question,
we employ a sampling technique during inference to bridge this
gap. Specifically, we generate 𝑘 facet candidates for each user ques-
tion through beam search together with top-k and top-p sampling.
Subsequently, we remove all facets that are completely identical to
others to ensure diversity in the sampled results.

Formally, during inference, given an input question 𝑞𝑖 , FM-LOG
produces a set of candidate facets {𝑓1, 𝑓2, ..., 𝑓𝑘 } and a set of corre-
sponding clarifying questions {𝑐1, 𝑐2, ..., 𝑐𝑘 } by sampling from the
model’s output distribution 𝑃𝜃 (𝑓 , 𝑐 |𝑞𝑖 ). We then apply deduplica-
tion to eliminate redundant facets, retaining only distinct candidates
for downstream processing. This approach enhances coverage of
potential user interests while maintaining high-quality, diverse
clarifications. Mathematically, we denote the set of facets obtained

2LLaMA3-8B: https://huggingface.co/meta-llama/Meta-Llama-3-8B
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· The user often asks consecutive questions during interactions with the LLM. 
After the user asks q i, the LLM sometimes ask a clarifying question c, and the 
user rearticulate her/his intent by reformulating q i as q i+1.
· In this process, q i+1 has the same target or intent with q i, but q i+1 adds some 
constraints or conditions or rewrite q i as clarification.

· Here are some examples:
Example 1:
q i: "I wanna buy a watch for my sister. Could you recommend for me?",
c: "Sure, but could you please tell me whom are you shopping for?",
q i+1: "I would like to buy a Casio or Rolex watch.",
f: "specifying the brand to purchase".
{More positive examples}
And here are some bad examples where q i+1 is NOT the clarification of q i:
Negative Example 1 (shifts the original intent):
q i: "Explain the different types of registers available in ARM",
q i+1: "what is the msr instruction in ARM used for"
{More negativce examples}

· Now, given a sequence of questions asked by the user to the LLM: [Questions]
· Please refer to the examples above and find potential clarificaiton porcesses 
between two consecutive quesitons q i and q i+1, then write proper clairfying 
question c and its corresponding clarification facet f, and output according to 
the following JSON format:
{JSON format}

Note:
- The q i and q i+1 can be rewritten to include complete intent respectively.
- If multiple clarification processes are found, generate multiple instances. If no 
clarification is found, simply output an empty list.
- The identification of clarification is very strict. Any instance where q i+1 
deviates from the intent of q i cannot be considered a clarification and should 
therefore be discarded. Only when q i+1 introduces new conditions based on q i 
can it be regarded as a clarification. Therefore, be as cautious as possible when 
generating the output. Just output the result based on the JSON format and do 
not output anything else. Try your best!

Figure 3: Prompt of FM-LOG extracting clarification data.

from the external/log-based source as:

𝐹log (𝑥) = Sampling(FM-LOG(𝑥)) = {𝑓 log1 , 𝑓
log
2 , . . . , 𝑓

log
𝑚 }. (3)

3.2.4 FM-LLM. FM-LOG utilizes only conversation logs as the sole
training data source. While this approach effectively captures users’
genuine intents, it may occasionally suffer from overfitting issues,
resulting in the generation of insufficiently comprehensive facets.
However, in reality, user intents are highly diverse. To achieve the
objective of CFD—maximizing the recall of generated clarifying
facets—it is essential not only to ensure realism but also to gener-
ate facets that are as comprehensive as possible. To this end, we
propose FM-LLM as a complementary method to FM-LOG, as illus-
trated in Figure 2 (b). We design prompts to leverage the generative
capabilities of powerful LLMs to brainstorm potential clarification
facet candidates along with their corresponding clarifying ques-
tions. This LLM-generated facet list can introduce interpretations
that may be overlooked in the logs, particularly for less common
user queries or creative ambiguities, by harnessing the model’s
world knowledge and reasoning capabilities. Formally,

𝐹llm (𝑥) = {𝑓 llm1 , 𝑓 llm2 , . . . , 𝑓 llm𝑛 }. (4)

Each 𝑓 represents a candidate facet (also clarifying question3) in
natural language form (often phrased as a short noun or clause, e.g.
“which device”, “the country or the person”).

3Each facet corresponds to a clarifying question and vice versa.

3.2.5 Result Fusion. After obtaining 𝐹log (𝑥) and 𝐹llm (𝑥), we then
perform a fusion of candidate facets from the two sources to form
the final 𝐹 (𝑥). The fusion process involves taking the union of the
sets and resolving duplicates or semantically overlapping facets:
𝐹 (𝑥) = dedup(𝐹log (𝑥) ∪ 𝐹llm (𝑥)). We denote the final distinct
facets as: 𝐹 (𝑥) = {𝑓1, 𝑓2, . . . , 𝑓𝑘 }.

After fusion, we obtain a set 𝐹 (𝑥) of candidate facets that rep-
resent the different clarification questions the LLM could ask. At
this stage, we are agnostic as to which facet (if any) is actually
necessary. We aim for high recall, that is, 𝐹 (𝑥) should contain the
truly relevant missing piece if there is one. The next stage (Optimal
Facet Selection, OFS) will determine which facet to actually use.
Importantly, the CFD stage can be seen as generating multiple pos-
sible clarifying questions: each facet 𝑓𝑖 corresponds to a question
template like “Could you clarify [𝑓𝑖]?” or “What did you mean re-
garding [𝑓𝑖 ]?”. In our implementation, we allow the language model
to phrase the question naturally, but 𝑓𝑖 guides the content of that
question. By separating content (facet) from phrasing, we ensure
that the model focuses on the right topic when asking a question.

3.3 Optimal Facet Selection (OFS)
After collecting a candidate set of facets for a question in the CFD
stage, selecting the most appropriate facet to present to the user
poses a significant challenge. First, it is important to note that
different facets (or clarification questions) provide varying levels
of informational value. For example, given the query “Give me a
list of good coffee shops?”, Q1: “Could you specify the location or
city where you are looking for good coffee shops?” and Q2: “Are
you visiting alone or with a group? If with a group, how many
people will be joining you?”. Clearly, the first question addresses
a crucial aspect (providing substantial informational gain), while
the second is largely irrelevant (offering minimal informational
value). Additionally, some user questions are sufficiently clear and
do not require further clarification, warranting a direct response.
Therefore, determining whether to clarify or directly answer is
essential in real-world applications.

To this end, when an LLM receives a user question, it should
learn when to clarify, when to answer directly, and if clarifying,
which facet to prioritize. Thus, the OFS stage aims to determine the
optimal strategy for each user question: either posing a clarifica-
tion question for a specific facet or choosing to respond directly
without clarification. OFS addresses this by training ClariLM on
constructed data. While CFD focuses on improving recall, OFS fur-
ther enhances precision. Specifically, OFS first collects a set of user
questions, including the first-question set𝑄𝐿 as question seed from
conversation logs in each session, as well as a newly generated
question set 𝑄𝐺 obtained by analyzing various dimensions of user
questions and prompting a powerful LLM for generation. Similar
to the CFD stage, combining 𝑄𝐿 and 𝑄𝐺 ensures both realism and
comprehensiveness in the question set. After obtaining the question
set 𝑄 = (𝑄𝐿, 𝑄𝐺 ), we execute the CFD process mentioned above to
generate clarification facet and corresponding question candidates
𝐹 (𝑞) for each𝑞 ∈ 𝑄 using the combination of FM-LOG and FM-LLM.
Subsequently, due to the lack of labeled data on whether to clarify
and which clarification is optimal, we employ a reasoning model to
analyze all clarification candidates (including direct answers) with
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chain-of-thoughts and select the best one. Finally, the annotated
data is used for supervised fine-tuning (SFT) and direct preference
optimization (DPO) to train the final ClariLM model.

3.3.1 Obtaining 𝑄𝐿 . By incorporating the initial user question
in each session from human-LLM conversation logs, the model
can more effectively learn real-world user query patterns and cor-
responding clarification strategies, as illustrated in Figure 2 (c1).
However, due to noise and the nature of conversation log construc-
tion, many initial questions are actually context-dependent but
appear truncated. To address this, we designed prompts for a pow-
erful LLM to filter and retain only high-quality context-independent
questions in𝑄𝐿 while discarding other extremely long, non-English,
and single-turn questions. After this processing, we obtained ap-
proximately 11k high-quality seed questions as 𝑄𝐿 .

3.3.2 Obtaining 𝑄𝐺 . The data amount of 𝑄𝐿 is still insufficient
for ClariLM training. To address the potential sparsity issue in 𝑄𝐿

and enhance question diversity, we further propose a systematic
approach for synthesizing another comprehensive question set 𝑄𝐺

through multi-dimensional optimization as the compensation for
𝑄𝐿 . As illustrated in Figure 2 (c2), our method expands question
diversity across three critical dimensions. First, topic diversity is
achieved by employing distinct persona profiles that guide language
models to generate questions spanning various domains and per-
spectives. This persona-driven approach ensures coverage of topics
ranging from technical subjects to everyday scenarios. Second, we
implement enhanced in-context learning by strategic sampling
from multiple established datasets including 𝑄𝐿 , CLAMBER, IN3,
and prominent QA resources such as AmbigQA, Natural Questions
(NQ), and PopQA. This cross-dataset prompting mechanism enables
the model to assimilate diverse questioning patterns and knowledge
structures. Third, we introduce controlled clarification tuning,
where generated questions undergo intentional information ad-
justment: 80% retain their original form, 10% are enriched with
additional contextual details, and 10% are simplified through in-
formation reduction. This calibrated approach balances question
complexity while expanding the model’s capacity to handle varying
information densities. The process is directly accomplished by a
powerful LLM.We finally apply deduplication, resulting in a refined
dataset of approximately 124k distinct synthetic questions. This
multi-stage generation framework not only compensates for 𝑄𝐿 ’s
limitations in coverage but also creates novel question formulations
that bridge the gap between existing resources.

3.3.3 Data Annotation. Our data annotation framework initiates
by leveraging the previously discussed FM-LOG and FM-LLMmech-
anisms from the CFD phase to generate clarification candidates
for user questions from 𝑄 = (𝑄𝐿 ∪ 𝑄𝐺 ). Formally, for each user
question 𝑞, we construct a candidate set C = {𝑐1, 𝑐2, ..., 𝑐𝑛} ∪ 𝑎,
where 𝑐𝑖 represent clarification questions and 𝑎 denotes the original
answer incorporated as an alternative response option. This formu-
lation acknowledges that abstaining from clarification constitutes
a valid system decision and improves user experiences.

Conventional information gain-based approaches typically re-
quire annotated (𝑥,𝑦) pairs to compute comparative metrics like
𝐸 [𝑙𝑜𝑔𝑝 (𝑦 |𝑥1)] −𝐸 [𝑙𝑜𝑔𝑝 (𝑦 |𝑥)] versus 𝐸 [𝑙𝑜𝑔𝑝 (𝑦 |𝑥2)] −𝐸 [𝑙𝑜𝑔𝑝 (𝑦 |𝑥)]
for candidate selection. While effective in constrained domains

such as QA systems or conversational recommendation tasks with
sufficient labeled data, these methods face critical limitations in
general-purpose scenarios due to data sparsity and poor general-
ization capability. To address this challenge, we propose a novel
Chain-of-Thought Annotation Protocol (CoTAP) employing
Large Reasoning Models (LRMs) like DeepSeek-R1. The LRM pro-
cesses instruction-templated inputs containing candidates C to
generate a chain-of-thought 𝑡 , followed by optimal candidate selec-
tion: 𝑎𝑟𝑔𝑚𝑎𝑥𝑐∈C𝑃 (𝑐 |𝑡, 𝑥), effectively distilling implicit knowledge
through structured reasoning simulations.

Building upon this automated annotation framework, we fur-
ther construct preference-optimized training data to enhance the
model’s alignment with human communication patterns. Drawing
on recent advances in direct preference optimization (DPO), we
define three preference paradigms shown in Figure 2 (d):

• Clarify ≻ Answer: For user questions that are ambiguous
or under-specified, a clarifying question is better than a
direct answer. For example, given the question “Tell me about
Jordan”, asking “Do you mean the country or the person?”
(𝑞) is better than directly giving an answer (𝑎) “Jordan is a
country ...”, because “Jordan” in the question is ambiguous.
This preference type teaches the model to not guess when
it’s uncertain but to clarify instead.

• Answer ≻ Clarify: For questions that are sufficiently specific,
asking an unnecessary question would annoy the user or
slow down the interaction. For instance, if the user asks
“What is the capital of France?”, a direct answer “Paris” is
preferred, and a clarifying question like “Do you mean the
country France?” is not needed and is worse. This teaches
the model to avoid asking questions when not needed.

• Which Question (Facet) is Better (𝑞1 ≻ 𝑞2): For an ambiguous
question with multiple possible facets, there is often an opti-
mal facet to clarify first. For example, for the question “I need
a visa”, possible facets might be “visa for which country?”
instead of “what type of visa?”. If one of these facets is more
crucial, the model should ask that first. These comparisons
train the model to rank facets by usefulness. In practice, if
multiple clarifications are necessary, the model could ask
sequentially, but our immediate task is to pick the best single
question to ask first.

In summary, from these processes, we assemble a large set
of pairwise preferences. Each data point can be represented as
𝐷 = (𝑞, 𝑟+, 𝑟−) meaning for question 𝑞, output 𝑟+ is preferable to
𝑟− . Here, 𝑟 can be either a clarifying question or an answer. The
statistics show that among the 140k pieces of data, 48,721 pieces
of 𝑟+ are direct answers, 21, 975 pieces are clarifying questions
provided by FM-LOG, and 56, 786 pieces are clarifying questions
from FM-LLM. The statistical results further demonstrate that both
FM-LOG and FM-LLM components in our proposed CFD module
are capable of generating high-quality clarifying questions.

3.3.4 Supervised Fine-Tuning (SFT). After data annotation, we first
perform SFT on ClariLM using the (𝑞, 𝑟+) pairs from dataset 𝐷 ,
aiming to establish the model’s preliminary proficiency in both
formatting clarifications and deciding whether to ask. Formally, the
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Table 1: Conversational Log Statistics

ShareGPT WildChat

@Session ∼79k ∼838k
Session Ave. Length 3.07 4.67
Initial question Ave. Length 54.53 218.58

SFT phase optimizes the following loss function:

LSFT (𝜃 ) = −
∑︁

(𝑞,𝑟+ ) ∈D
log 𝑝 (𝑟+ |𝑇 (𝑞);𝜃 ), (5)

where 𝑇 (·) is the template. We also include a “Need Clarification”
part in 𝑇 (·) to quickly judge whether ClariLM outputs a clarifying
question or a direct answer.

3.3.5 Direct Preference Optimization (DPO). After SFT, the model
can perform the task, but it might not perfectly obey preferences
in edge cases or unseen questions, and might still be biased. For
example, it might over-ask or under-ask depending on the data
distribution. Therefore, we further fine-tune the model using the
preference pairs and the DPO algorithm. DPO [34] is a technique
to train LLMs from preference data in a direct, stable way, without
needing a separate reward model as in traditional RLHF. The idea
is to treat the preference comparison as a binary classification prob-
lem: given (𝑥,𝑦+, 𝑦−), the model should assign a higher probability
to𝑦+ than𝑦− . In our task, DPO trains ClariLM to maximize a simple
pairwise logistic objective:

LDPO (𝜃 ) = −
∑︁

(𝑞,𝑟+,𝑟− ) ∈D
log𝜎

(
𝛽 log

𝑝 (𝑟+ |𝑞;𝜃 )
𝑝 (𝑟− |𝑞;𝜃 )

)
, (6)

where 𝜎 is the sigmoid function. In practice, we average this loss
over all preference samples. During DPO training, we maintain the
model’s ability to generate coherent questions/answers by initial-
izing from the SFT model and by occasionally mixing in the su-
pervised examples as additional training signals (a form of reward
modeling regularization). We also include a mild KL-divergence
regularization towards the SFT model’s distribution to prevent
the model from drifting too far (a common practice in preference
fine-tuning to retain base knowledge). After SFT-DPO training, we
obtain the final ClariLM model. At inference time, ClariLM briefly
takes a user question 𝑞 and the instruction as the input. It then
outputs the clarifying question or directly produces an answer.

4 Experiments
4.1 Conversation Logs
We use a combination of ShareGPT andWildChat [54] as the source
of human-LLM conversation logs. ShareGPT is a website where
users share their chat logs with ChatGPT, collecting a large num-
ber of real user-ChatGPT conversations. We obtain approximately
80k conversation sessions. WildChat is a recently released dataset
containing over 1 million user-ChatGPT conversations, covering
more than 2.5 million interactions. Compared to other conversation
log datasets, WildChat offers a larger scale and supports multiple
languages. Detailed statistics are shown in Table 1. It can be ob-
served that in terms of session count and average session length,
WildChat significantly outperforms ShareGPT.

4.2 Datasets
We randomly sample 2k pieces of data from our synthetic data
𝑄 as the test set denoted as Our-test4. Additionally, we evaluate
our model on two publicly available datasets. We do not use any
training data of the datasets, so the two datasets are actually out-of-
domain test data. The first dataset is CLAMBER [52], a benchmark
designed to assess LLMs’ ability to recognize and clarify ambiguous
user information needs. Researchers constructed approximately
12,000 high-quality data points to evaluate the strengths, weak-
nesses, and potential risks of various off-the-shelf LLMs. The study
found that current LLMs have limited practical utility in identifying
and clarifying ambiguous user queries—even with techniques like
Chain-of-Thought (CoT) and few-shot prompting, improvements
remain marginal. Furthermore, current LLMs struggle to generate
high-quality clarifying questions, primarily due to a lack of conflict
resolution capabilities and inaccurate utilization of intrinsic knowl-
edge. The second dataset is IN3 [33], a benchmark that evaluates
interactive agent capabilities in task-oriented scenarios by assessing
explicit task ambiguity resolution and user intent understanding.
Although IN3 also releases a training set, we only use its test set
for model evaluation and do not incorporate its training data.

4.3 Evaluation Metrics
Our evaluation framework incorporates two principal computa-
tional metrics to comprehensively assess clarification. First, Clari-
fication Necessity is quantified through classification accuracy
(Acc) and macro F1-score (F1), measuring the model’s capability
to discern when user questions require LLMs’ clarification or not.
The two metrics evaluate both the precision of binary necessity
detection (Acc) and the balanced performance across true posi-
tive/negative rates (F1), particularly crucial given the potential
class imbalance in ambiguous queries. Second, Clarifying Ques-
tion Quality is evaluated through two complementary measures:
(1) Token F1 (TF) calculates the percentage of ground-truth clarifi-
cation points addressed in generated questions, ensuring coverage
of essential disambiguation aspects. To calculate TF accurately, we
remove all stop-words in the model outputs and only retain im-
portant and informative content. (2) BertScore-F1 (Bert) assesses
semantic alignment between generated and expert-authored clarifi-
cations using contextualized BERT embeddings, providing a robust
evaluation of linguistic coherence and pragmatic appropriateness.
This dual-axis evaluation protocol combines discrete classification
performance with nuanced text generation quality metrics, offering
a multi-faceted perspective on both the detection and resolution of
query ambiguity. We further apply GPT-4 for comparative evalua-
tion [25] simulating human evaluation to tackle the limitation of
automated evaluation metrics.

4.4 Baseline Models
While existing approaches predominantly focus on domain-specific
applications, ClariLM pioneers the investigation of LLM-based clar-
ification mechanisms in general-purpose and open-domain con-
versational settings. This methodological distinction necessitates
comparative evaluation against broadly capable models rather than

4Training and test data: https://huggingface.co/datasets/ZillionZhao/ClariLM
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Table 2: Main evaluation results of ClariLM and baseline models on three test sets. The best result for each metric is marked in
bold and the second best result for each metric is underlined.

Group Model

Our-test IN3 CLAMBER

Clari. Necessity Clari. Quality Clari. Necessity Clari. Quality Clari. Necessity Clari. Quality

Acc F1 TF Bert Acc F1 TF Bert Acc F1 TF Bert

LLM

LLaMA-3-8B 73.69 78.12 16.48 78.98 77.88 85.89 23.26 80.12 51.64 58.36 8.30 73.36
LLaMA-3-70B 78.58 82.76 16.47 81.00 77.78 86.36 23.34 79.21 53.91 57.43 8.80 72.98
DeepSeek-V3 76.67 78.91 14.57 80.30 72.22 81.71 17.95 74.96 59.94 55.42 7.57 72.14
GPT-3.5 62.82 76.95 23.27 71.12 87.96 93.60 30.76 85.49 50.33 60.89 10.95 63.16
GPT-4o 77.60 81.20 19.77 81.99 82.78 86.36 27.02 80.31 59.26 55.11 8.53 72.34

LRM QwQ-32B 74.83 78.98 13.49 78.38 75.93 84.88 16.67 76.07 61.12 63.79 10.82 71.48
DeepSeek-R1 79.38 84.00 14.96 79.08 83.33 90.22 18.64 77.95 62.35 63.26 8.54 71.95

SFT
SFT-IN3 [33] 74.16 75.89 15.80 80.81 90.85 94.27 30.68 79.33 57.51 58.88 9.39 70.53
SFT-𝑄𝐿 only 79.50 84.28 24.96 83.10 84.26 91.01 29.77 83.70 60.15 57.64 6.50 72.28
SFT-Full 80.85 84.90 24.71 84.09 90.74 94.74 31.12 87.94 62.53 59.92 7.06 73.27

Our ClariLM 81.25 85.48 25.19 84.23 89.72 94.36 30.42 86.20 64.23 67.61 9.46 72.32

task-optimized systems. We systematically organize baseline ap-
proaches into three principal categories to ensure comprehensive
benchmarking. First, Direct Prompting evaluates zero-shot capa-
bilities of foundation LLMs: LLaMA-3-7B, LLaMA3-70B, DeepSeek-
V3, GPT-3.5-Turbo, and GPT-4o, representing varying scales of
pretrained knowledge without clarification-specific tuning. Sec-
ond, Reasoning Models assess explicit logical processing archi-
tectures, including QwQ-32B and DeepSeek-R1 (chain-of-thought
reasoning model trained with reinforcement learning). Third, Fine-
Tuned Models examine domain-adapted performance through
SFT variants: SFT-IN3 (trained on IN3 [33] training data), SFT-𝑄𝐿

only (optimized with 𝑄𝐿 without synthetic data 𝑄𝐺 ), and SFT-Full
(combining log data 𝑄𝐿 , synthetic data 𝑄𝐺 , and IN3 training data,
but without DPO training. This categorization enables systematic
analysis of performance factors across different model scales (7B,
70B, close-source), architectural paradigms (direct generation vs.
explicit reasoning), and training strategies (zero-shot vs. fine-tuned
approaches), establishing rigorous baselines for general-domain
clarification capability assessment.

4.5 Implementation Details
We implement both training and inference procedures for FM-
LOG and ClariLM using the LLaMA-Factory framework [58], with
LLaMA3-8B serving as the base LLM for both architectures. All
training experiments are conducted on a computational cluster
equipped with four NVIDIA A100-80G GPUs, utilizing PyTorch
2.4.0 and Transformers 4.45.2 frameworks. For the SFT phase, we
employ parameter-efficient adaptation through low-rank adapta-
tion (LoRA) [15] with the following configurations: rank dimension
8, initial learning rate of 1×10−4, effective batch size of 32 (physical
batch size 8 with 4 gradient accumulation steps), cosine annealing
learning rate scheduler, and a single training epoch. During the
DPO stage, we adjust hyperparameters to a learning rate of 1×10−5,
scaling factor 𝛽=0.1, and increase the batch size to 16 to enhance
training stability. For the FM-LLM inference and data synthesis in

our OFS framework, we leverage GPT-4o5 as the foundation model
due to its state-of-the-art generation capabilities. Additionally, we
employ DeepSeek-R16 for reasoning and annotation of the optimal
facet during the OFS stage. Both models are implemented through
their respective official APIs using the OpenAI client library. Re-
garding baseline implementations, we directly utilize official APIs
for LLM and LRM models. For ClariLM and SFT baselines, we de-
ploy inference on two NVIDIA A100-80G GPUs with generation
parameters set to temperature 0.5 and sampling top-p value 0.9,
ensuring balanced diversity and coherence in model outputs. All
experimental configurations maintain consistency across hardware
and software environments to ensure fair comparison.

4.6 Experimental Results
4.6.1 Automated Metrics Evaluation. As illustrated in Table 2, our
main experimental results show that ClariLM achieves state-of-
the-art (SOTA) performance across most evaluation metrics across
three benchmarks, indicating its exceptional clarification decision-
making capability and proficiency in generating high-quality clar-
ifying questions. Notably, despite being an 8B-parameter model,
ClariLM outperforms significantly larger LLMs like GPT-3.5 in
clarification tasks. The substantial performance gains on our in-
domain Our-test benchmark align with expectations given our
synthesized training data distribution. More remarkably, ClariLM
exhibits superior generalization capabilities, achieving even greater
improvements on out-of-distribution benchmarks IN3 and CLAM-
BER without exposure to their training data.

Specifically, ClariLM demonstrates exceptional performance in
judging clarification necessity. Although implicitly determining this
during the generation process, ClariLM achieves state-of-the-art
results on clarification necessity in both Our-test and CLAMBER
benchmarks, while performing comparably to SFT-IN3 (fine-tuned
on the IN3 training set) on the IN3 dataset. In contrast, baseline

5GPT-4o: https://chatgpt.com
6DeepSeek-R1: https://www.deepseek.com
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models exhibit significant variations and instability in clarifica-
tion necessity capabilities, which show no strong correlation with
their general generation abilities. For instance, GPT-3.5 achieves
only 62.82% accuracy on Our-test, substantially lower than other
baselines, yet attains 87.96% accuracy on IN3, significantly outper-
forming other baselines. This indicates that baseline methods lack
robust generalization in the clarification task.

Regarding the evaluation of clarification question quality, Clar-
iLM achieves optimal scores on both metrics in Our-test while
maintaining competitive performance close to the best results on
IN3 and CLAMBER. This confirms ClariLM’s ability to generate
high-quality clarification questions. However, lexical and semantic
metrics exhibit inherent limitations in quality assessment, as they
cannot fully capture the model’s comprehension of user intent [49].
To address this, we further introduce a GPT-4-based simulated
human evaluation framework, implementing comparative scoring
between pairs of generated candidate responses.

Furthermore, the ablation study on SFT variants also yields three
insights: (1) First, SFT-IN3’s domain-specific training reduces cross-
domain generalization as it shows sub-optimal performance on
Our-test and CLAMBER. (2) The SFT-𝑄𝐿 variant trained solely on
data mined from conversation logs shows performance degrada-
tion compared to full data training, emphasizing the importance
of our synthetic clarification data. (3) Compared to SFT-Full, our
DPO integration provides consistent gains, validating the effective-
ness of our preference alignment strategy and negative selection
method. These findings collectively confirm that ClariLM’s suc-
cess stems from synergistic data engineering and preference-based
optimization rather than simple parameter scaling.

4.6.2 GPT-4-based Comparative Evaluation. Although automated
evaluation metrics partially demonstrate ClariLM’s superior clar-
ification decision-making capability and higher-quality question
generation compared to baseline methods, they remain insufficient
for comprehensive evaluation [25]. To address this limitation, fol-
lowing existing prompting frameworks [25], we employed GPT-4
to conduct comparative assessments between ClariLM and base-
line models. We provided GPT-4 with task context and objectives,
instructing it to judge the relative quality of outputs using Win,
Tie, or Lose evaluations. Considering cost constraints, we evaluated
100 samples from each test dataset. The statistical results shown
in Figure 4 reveal that the comparative evaluation trends generally
align with the main experimental outcomes in Table 2, both indicat-
ing ClariLM’s advantages over baseline methods. Notably, ClariLM
demonstrates more pronounced superiority in these human-like
evaluations than numerical metrics suggest. For instance, while
LLaMA3-8B achieves higher scores on certain metrics in Table 2,
it rarely outperforms ClariLM across all test sets in comparative
evaluation. Furthermore, GPT-3.5, GPT-4o, and DeepSeek-R1 ex-
hibit comparable performance to ClariLM in many Tie outcomes
during comparative evaluation, despite showing a less metric-based
advantage in Table 2. This discrepancy suggests that more capable
large language models possess greater potential for clarification
capabilities than conventional metrics indicate. Besides, although
the models exhibit significant variations in performance across
different datasets when evaluated using automated metrics, their
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Figure 4: Comparative evaluations betweenClariLM vs. seven
baseline LLMs on IN3 and CLAMBER benchmarks.

performance differences become relatively minor in GPT-4o-based
comparative evaluations across various test data.

5 Conclusion
In this paper, we introduce an LLM-based clarification model Clar-
iLM together with a novel two-stage detection-selection framework
for large-scale LLM clarification data synthesizing. By leveraging
both conversation logs (FM-LOG) and LLM-guided facet generation
(FM-LLM), ClariLM effectively captures realistic and comprehen-
sive clarification facets, enhancing recall in detecting missing user
intent. Furthermore, the Optimal Facet Selection (OFS) phase en-
sures that the model makes informed decisions on whether to ask a
clarifying question and, if so, which facet to target, thereby improv-
ing precision. The collected data are then applied for SFT followed
by DPO training of ClariLM. Through extensive evaluations on
three benchmarks together with GPT-4-based comparative eval-
uation, ClariLM demonstrates superior clarification ability over
existing LLMs, effectively balancing when to ask questions and
when to respond directly. These results highlight the potential of
LLM log-driven learning and preference modeling in general clari-
fication tasks, paving the way for future research on adaptive and
domain-agnostic conversational models.
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