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Abstract

Tool-using language agents often struggle un-
der underspecified user instructions due to un-
certainty about the user’s true goal. We propose
a plug-and-play Clarifier-augmented training
and evaluation framework built on 7-Bench,
in which a dedicated Clarifier is triggered af-
ter tool calls to decide whether and how to
ask follow-up questions, without modifying
the agent’s internal policy. We compare super-
vised fine-tuning (SFT), direct preference opti-
mization (DPO), and a user-goal-driven group-
wise preference optimization (GRPO) method
that trains the Clarifier using goal-aware pref-
erence signals conditioned on the ground-truth
user requirement. Experiments across domains
and agent backbones show that learned clar-
ification consistently improves task success,
with user-goal driven GRPO achieving among
the strongest cross-domain generalization re-
sults, including robust gains on the out-of-
distribution airline domain. In cross-agent eval-
uations over six agent backbones, the learned
Clarifier improves success rate by 5.2% on aver-
age while increasing average interaction steps
by only 0.1, demonstrating the effectiveness
of a learned, plug-and-play clarification policy
with minimal interaction overhead. Our code
and data are available at the anonymous repos-
itory: https://anonymous.4open.science/
r/submission-E65F.

1 Introduction

Large language model (LLM) agents have recently
demonstrated strong capabilities in tool use and
multi-step decision making across a wide range
of real-world applications (Qu et al., 2025; Yao
et al., 2022; Wolflein et al., 2025). By interacting
with external tools, such agents are able to execute
complex tasks that require planning, reasoning, and
iterative feedback (Wolflein et al., 2025). However,
in practical interactive settings, user instructions
are often underspecified or ambiguous, leaving crit-
ical details of the user’s true goal implicit (Yehudai

Clarifier Model Retail (%) Airline (%) Average (%)

No Clarifier 16.5 14.3 154

Qwen3-8B 15.7 (-0.8) 8.0 (-6.3) 11.9 (-3.5)
Qwen3-14B 16.5 (0.0 16.0 (+1.7) 16.3 (+0.9)
Qwen3-30B 15.7 (-0.8) 19.0 (+4.7) 17.4 (+2.0)
DeepSeek-R1 14.8 (-1.7) 19.0 (+4.7) 16.9 (+1.5)
DeepSeek-V3.1  19.1 (+2.6) 17.0 +2.7) 18.1 +2.7)

Table 1: Impact of the Clarifier module on 7-Bench
retail and airline performance. Evaluations utilize
Qwen3-8B as both the backbone agent and the simulated
user. The row “No Clarifier” denotes the baseline. The
reported values are Pass@1 (%), with absolute changes
relative to the baseline shown in parentheses. The Bold
indicates the best performance in each category.

et al., 2025; Qi et al., 2025). Such fuzzy user re-
quirements pose a fundamental challenge for tool-
using agents: premature or incorrect tool calls can
lead to irreversible errors, brittle execution trajec-
tories, and task failure (Wang et al., 2024a).

A natural response to underspecified instructions
is to ask clarification questions (Clark, 1996; Traum
and Larsson, 2003; Zou et al., 2023). Human as-
sistants routinely solicit missing information be-
fore acting, yet this capability remains poorly de-
veloped in modern LL.M-based agents (Rao and
Daumé 111, 2018). Most LLMs are trained primar-
ily for answering questions rather than asking them,
and consequently, existing standard post-training
pipelines offer limited supervision on when and
how an agent should request additional informa-
tion (Fu et al., 2020; Scialom et al., 2019; Ouyang
et al., 2022; Ziegler et al., 2019; Zhang et al., 2024).
As a result, clarification behavior in current agent
systems is often heuristic, implicit, or entangled
with the agent’s internal reasoning process, making
it difficult to control, optimize, or generalize across
domains and agent backbones (Suri et al., 2025).

Table 1 evaluates the impact of different clarifier
models on an extended version of 7-Bench (Yao
et al., 2024), augmented with an explicit Clarifier
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Figure 1: Interaction framework of 7-bench augmented with a Clarifier model. (a) We extend the standard
T-bench setup by introducing a Clarifier that triggers after tool calls when the agent has not clarified yet may still
lack information for a valid next action. This yields a three-part prompting architecture: (1) Domain-Policy Tool
Calling governing policy-compliant tool use; (2) User-Driven Fuzzy Intent modeling partially specified user goals;
and (3) ReAsk Decision & Generation implementing uncertainty detection and targeted question generation. (b)
Example 7-airline trajectory: when key parameters are missing from the user’s fuzzy request, the Clarifier issues a
concise follow-up question (highlighted), preventing policy violations and enabling the agent to proceed correctly.

module (Figure 1). This benchmark requires agents
to infer latent user goals through multi-turn inter-
actions under underspecified instructions. While
introducing clarification generally unlocks higher
success rates in ambiguous scenarios, effective
questioning currently comes at a high cost. Sig-
nificant gains are primarily observed in massive
proprietary models (e.g., Deepseek V3.1), whereas
clarification attempts by smaller off-the-shelf mod-
els often yield negligible gains or even performance
drops. This disparity highlights the value of learn-
ing to ask: through explicit optimization, efficient
models can rival the clarification capabilities of
massive systems, thereby making robust question-
ing achievable at a fraction of the cost.

Motivated by this observation, we focus on learn-
ing clarification behavior specifically for tool-using
agents. From a Bayesian perspective, the user’s
true goal is a latent variable partially observed
through dialogue and tool feedback, and clarifi-
cation questions serve as information-gathering ac-
tions that reduce this uncertainty before irreversible
tool calls. Building on this perspective, we present
the first approach to explicitly train a dedicated
clarification model for tool-using agents, focus-

ing on asking follow-up questions to resolve fuzzy
user requirements during task execution. We in-
troduce a Clarifier-augmented training and eval-
uation framework built on 7-Bench, in which a
dedicated Clarifier module is triggered after tool
calls to decide whether and how to ask a follow-
up question. Crucially, the Clarifier is designed
to be plug-and-play: it operates independently of
the agent’s internal policy and can be paired with
different agent backbones without retraining the
agent itself, enabling systematic study of clarifi-
cation strategies across agents and domains. To
robustly equip this module with strategic ques-
tioning capabilities, we investigate supervised fine-
tuning (SFT) (Ouyang et al., 2022), direct prefer-
ence optimization (DPO) (Rafailov et al., 2023),
and a user-goal-driven group-wise preference opti-
mization (GRPO) (Shao et al., 2024) method. By
leveraging on-policy sampling and a goal-aware
LLM judge with access to the ground-truth user
goal, GRPO enables the Clarifier to learn question-
asking strategies that explicitly reduce uncertainty
about latent user intent.

Extensive experiments across domains and
agent backbones demonstrate the effectiveness of



learning-based clarification. We analyze how clari-
fication trigger frequency influences both task suc-
cess and interaction length, revealing a clear trade-
off between performance and interaction cost. Al-
though our clarifier is trained solely on interaction
trajectories collected with Qwen3-8B as the under-
lying agent, it generalizes well to a diverse set of
unseen agent backbones, consistently improving
task success. Taken together, learned clarification
outperforms the no-clarification baseline by 1.5%—
12.6% while increasing interaction cost by only
0.1 steps on average, highlighting the value of ex-
plicitly trained clarification policies for robust and
reliable tool-using agents.

2 Related Work

Clarification Questions and Proactive Ques-
tion Asking. Prior work has studied clarification
questions as a means of resolving ambiguity and
missing information in dialogue and information-
seeking systems (Clark, 1996; Traum and Larsson,
2003; Aliannejadi et al., 2019; Zou et al., 2023;
Xia et al., 2025; Li et al., 2024a). Recent stud-
ies further examine large language models’ abil-
ity to ask informative questions under incomplete
information, often through dedicated benchmarks
or diagnostic evaluations, revealing that strong lan-
guage modeling does not necessarily yield effective
proactive reasoning (Zhou et al., 2025). Comple-
mentary approaches frame question asking as a
principled information gathering problem, for ex-
ample by selecting queries that maximize expected
information gain (Choudhury et al., 2025). How-
ever, these works primarily focus on benchmarking
question-asking ability or identifying informative
clarification questions, rather than learning clarifi-
cation policies that can be reliably deployed within
tool-using agents.

Tool-Using Agents. Recent work has studied
large language models as tool-using agents capa-
ble of multi-step reasoning and decision making,
enabled by integrating planning, tool invocation,
and feedback-driven execution (Yao et al., 2022;
Schick et al., 2023; Wolflein et al., 2025; Shen
et al., 2024; Yuan et al., 2025; Zhu et al., 2025;
Wau et al., 2024b; Lu et al., 2025; Wu et al., 2025;
Liu et al., 2023b; Wang et al., 2024b). A grow-
ing body of benchmarks and environments further
evaluate agent performance in complex, tool-rich
settings (Qu et al., 2025; Liu et al., 2023a; Wang
et al., 2024a; Yao et al., 2024; Andriushchenko

et al., 2024; Xu et al., 2024; Chang et al., 2024; Li
et al., 2024b; Wu et al., 2024a). A significant chal-
lenge, however, arises from the ambiguity inherent
in real-world user instructions, which are often un-
derspecified due to principles of linguistic economy
or a user’s limited domain knowledge. Existing
frameworks, while proficient on well-defined tasks,
falter in the face of such ambiguity. This leads
to the agent’s clarification behavior being tightly
coupled with its operational policy, hindering in-
dependent control and optimization. To address
this specific challenge, our work is situated within
the 7-Bench environment (Yao et al., 2024). Its
sophisticated simulation of user-LLM interactions
and dynamic, multi-turn conversations makes it
an ideal framework for studying how agents can
effectively clarify ambiguous instructions.

3 Methodology

Our approach integrates the interaction environ-
ment built upon 7-Bench (Section 3.1), the col-
lection of supervision, clarification, and data used
for SFT, DPO, and GRPO training (Section 3.2),
and the training setup for GRPO (Section 3.3).
Together, these components enable the model to
learn question-asking behaviors that minimize un-
certainty about the underlying user intent.

3.1 Clarifier Interaction Environment

We build on 7-Bench, a benchmark for Tool-Agent—
User interaction in real-world domains, as it explic-
itly models interactive task execution under par-
tially observable user goals. Each task is formu-
lated as a partially observable Markov decision pro-
cess (POMDP) (S, A,0,T, R,U), where S is the
state space, .A the action space, O the observation
space, T the transition function, R the reward func-
tion, and U the instruction specifying the user’s
task goal. The agent interacts with (i) domain-
specific tool APIs and (ii) an LM-simulated user to
complete U. We denote by Ao C A the subset
of actions that invoke tools.

To model clarification behavior, we extend this
interaction loop with a Clarifier module that is eli-
gible to run only after tool invocations. When the
agent issues a tool call a; € Ay and receives
the corresponding observation oy, the Clarifier as-
sesses whether the environmental feedback reveals
latent ambiguity or missing task-critical informa-
tion. This execution-then-clarify paradigm allows
the agent to ground its questions in actual state



constraints (e.g., search results) rather than specu-
lative intent analysis. If clarification is needed, it
produces a follow-up question added to a set of clar-
ification turns C, and the simulated user returns a
corresponding response added to a set R; otherwise
no clarification turn is generated. These optional
exchanges do not modify the underlying POMDP
dynamics but enrich the recorded interaction trace.

Each multi-turn interaction produces a trajectory

T = {U7 (at>0t);f11:17 C7 Rv G}7

where (a;, 0;) denotes the sequence of agent ac-
tions and tool observations, C and R collect the
clarification questions and user responses produced
during the episode, and G is the task-defined
ground-truth user goal. All interaction data used to
train our clarification model are collected from this
Clarifier-augmented environment.

Figure 1 (a) depicts the core framework: the
agent follows Domain-Policy Tool Calling con-
straints when interacting with tools, while the LM-
simulated user follows a User-Driven Fuzzy Intent
prompt. The Clarifier is triggered only after tool
calls to assess whether a concise follow-up ques-
tion is needed. Figure 1 (b) shows a representative
T-airline trajectory in which the Clarifier detects
underspecified user intent and issues a targeted clar-
ification that enables correct downstream tool use.
A case study is provided in 7.5.

3.2 Training Data Construction

We construct three complementary datasets sup-
porting SFT, pairwise preference learning via DPO,
and on-policy optimization via GRPO. All data are
collected from the Clarifier-augmented interaction
environment described in Section 3.1, using trajec-
tories generated from the 500 users in the 7-retail
domain. The Clarifier agent is implemented us-
ing Qwen3-8B, while an LM-simulated user and
a Qwen3-14B teacher model are employed to gen-
erate responses and clarification candidates. This
choice is motivated by the results in Table 1, where
Qwen3-14B provides consistent performance gains
while maintaining a relatively small distributional
gap between the teacher and the Qwen3-1.7B-Base
student model. Sampling templates, detailed hyper-
parameter settings, and dataset format are provided
in Appendix 7.1.

SFT. We collect 3,935 clarification-labeled ex-
amples from multi-turn interactions. Each instance
includes a chain-of-thought (think-mode) output

from the Qwen3-14B teacher model, which first
reasons about the need for clarification and, if re-
quired, generates a final question. The dataset
comprises 1,482 NO NEED TO ASK examples and
2,430 QUESTION examples, enabling the model to
learn both when clarification is necessary and how
to generate concise, task-relevant questions.

DPO. The DPO dataset consists of 1,859 pair-
wise comparisons. Each comparison includes two
think-mode clarification candidates generated by
the Qwen3-14B teacher model. A judge evaluates
each pair based solely on the extracted decision
(No NEED TO ASK) or the final question, using
the ground-truth user goal as reference. The judge
assigns clear win/lose preferences to approximately
91% of the comparisons, while the remaining cases
include 94 tie and 89 both-bad judgments. Dur-
ing training, we retain only comparisons with un-
ambiguous win/lose outcomes and discard tie and
both-bad cases, ensuring a clean and preference-
consistent supervision signal.

GRPO. To curate the dataset, we employ a pair-
wise sampling and annotation protocol as a screen-
ing mechanism for discriminative difficulty. For
each interaction state, we sample two offline can-
didate trajectories and evaluate them against the
ground truth. We retain 3,141 instances where this
comparison yielded distinct win/lose preferences
or both-bad judgments, while discarding uninfor-
mative tie cases. Crucially, these offline candidates
serve solely to identify challenging contexts and are
explicitly discarded. We isolate only the dialogue
history (x) and the task-specific ground-truth goal
(G™). This ground truth provides the essential adju-
dication criteria for the goal-aware judge, allowing
GRPO to refine the policy exclusively through on-
policy rollouts focused on high-ambiguity contexts.

3.3 User-Goal-Driven GRPO for Questioning

While DPO supervises pairwise preferences, it does
not explicitly model how a clarification question
should be selected to best reveal the user’s un-
derlying goal. As illustrated in Figure 2, we in-
stead formulate clarification as a problem of goal-
conditioned question selection: given an interaction
context x and the user’s true goal G*, the optimal
question is the one that most reduces uncertainty.
In practice, this is implemented by sampling mul-
tiple candidate questions, evaluating them with a
goal-aware judge, and optimizing the policy toward
questions receiving higher goal-conditioned prefer-
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fed back into GRPO to refine the Clarifier’s policy, enabling it to ask more goal-informative clarification questions.

ence signals. This formulation is related to active
learning, but models uncertainty implicitly through
preferences rather than explicit belief updates.

We apply GRPO with on-policy sampling, with-
out rollout reuse. For each dialogue context x,
which includes the dialogue history, the current
user utterance, and the known system state, the
current policy generates a group of k stochastic
think-mode trajectories (sampled with temperature
T =0.8),

i ~mp(- | x), 1=1,...,k,

where each trajectory 7; contains an internal rea-
soning trace followed by a final output. From each
trajectory, we extract only the final decision (NO
NEED TO ASK) or clarification question, yielding
a set of candidate clarifications

Q(r) = {Q1,...,Qr}

For evaluation, a goal-conditioned LLM judge with
access to G* scores the extracted outputs with
scalar utilities {s;}%_,, assessing goal-oriented util-
ity relative to G* by measuring the information
gain of questions or the judgment validity of non-
clarification decisions. These scores induce a rank-
ing
rank (Q(z) | G*).

The resulting scores define a goal-conditioned pref-
erence relation

Qi - Q; = u(Q; | G*) >u(Q; | G¥),

where u(- | G*) denotes the judge’s implicit goal-
aligned utility function.

Following the group-wise preference signals ob-
tained above, we convert the rankings or utilities
into group-wise rewards {r;}¥_; and compute cen-
tered advantages:

k
* — — 1 *
A =1i(G) =T, r:k;rj((}' ).

Given k on-policy rollouts {;}¥_ | ~ my(- |
x), GRPO optimizes a KL-regularized policy gra-
dient objective that encourages the Clarifier to
produce clarification questions with higher goal-
conditioned preference signals:

£GRPO(G) = - ET~TI’0(-|ZL‘) [A(T ‘ G*) logﬂ-@(T | ‘T)]
+ BKL(7o(- | ) | mer(- [ 7)) -

GRPO thus implements a fully on-policy opti-
mization loop: the Clarifier samples multiple think-
mode candidate questions, a goal-conditioned
judge evaluates and ranks their extracted final out-
puts according to alignment with the user’s true
goal G, and the resulting group-wise advantages
guide policy updates. This training procedure en-
ables the Clarifier to learn question-asking strate-
gies that explicitly reduce uncertainty about the
user’s underlying intent.

4 Experiments

Building upon the framework introduced in Sec-
tion 3, we train Clarifier models under the SFT,



Setting Success Rate (% 1) Steps |
Training Strategy Based Model Retail Airline Average Average Agent Average Clarify Average Sum
Baseline Qwen3-1.7B-Base 16.5 13.3 14.9 30.6 1.00 31.6
SFT Qwen3-1.7B-Base  20.6 15.3 18.0 30.6 3.23 33.83
DPO Qwen3-1.7B-Base  17.7 14.0 15.9 31.3 2.87 34.17
DPO SFT 18.3 11.3 14.8 31.5 2.96 34.46
GRPO (w/o G*) Qwen3-1.7B-Base  17.1 14.6 15.9 29.3 3.24 32.54
GRPO Qwen3-1.7B-Base  20.0 16.7 18.4 314 2.99 34.39
GRPO (w/o G*) SFT 18.2 16 17.1 28.9 3.12 32.02
GRPO SFT 194 15.3 17.4 30.2 2.92 33.12

Table 2: Pass@]1 results on 7-Bench (retail and airline) using deterministic decoding (temperature = 0),
averaged over three runs. Average implies the mean across domains. Average Agent refers to the mean number of
interaction steps between the agent and user excluding Clarifier turns; Average Clarify counts average Clarifier
invocations per task; and Average Sum is the total number of steps including Clarifier interactions. Methods
annotated with (w/o G*) represent variants trained without access to ground truth information. The up (1) and down
(J) arrows indicate that higher is better and lower is better, respectively.

DPO, and GRPO settings using the constructed
datasets and evaluate them within the Clarifier-
augmented 7-Bench environment. All models
are fine-tuned exclusively on the 500 r7-retail
training trajectories, and tested on 115 held-out
retail tasks and 50 airline tasks, ensuring a
clean separation between training and evaluation.
The airline domain constitutes a fully out-of-
distribution setting, featuring task structures, tool
APIs, and interaction patterns that differ markedly
from those observed during training. Implementa-
tion details and specific training hyperparameters
can be found in Appendix 7.4.

4.1 Performance of Clarifier Interaction

Table 2 summarizes the performance of different
Clarifier training strategies under deterministic de-
coding. Relative to the baseline, all fine-tuned Clar-
ifier models substantially improve task success rate,
indicating that learning to ask clarification ques-
tions meaningfully enhances downstream tool-use
reliability. SFT attains the strongest in-domain
accuracy on retail (20.6%), reflecting the effec-
tiveness of supervised signals in shaping domain-
aligned clarification behavior. While DPO shows
mixed results: it improves the base model but de-
grades the SFT-initialized variant, indicating that
DPO may conflict with SFT-induced behaviors.
GRPO delivers the most robust cross-domain
performance. When initialized from the base
model, GRPO achieves both the highest out-of-
domain accuracy on airline (16.7%) and the best
overall average (18.4%). This suggests that GRPO
enables the Clarifier to acquire question-asking
strategies that generalize beyond the training do-
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Figure 3: Effect of sampling temperature on clarification
performance across different training strategies. Aver-
age Reward is computed as the average of Retail and
Airline pass@1 accuracy.

main by more effectively probing latent user goals.
However, this capability is contingent on ground
truth access; training without such information
(w/o G*) causes the average accuracy to drop sig-
nificantly to 15.9%, underscoring the necessity of
ground-truth-derived rewards in guiding the opti-
mization. Figure 3 examines how sampling tem-
perature influences inference-time behavior. The
GRPO model, particularly when initialized from
the SFT checkpoint, achieves substantial gains at
moderate temperatures (0.2-0.4), yielding notice-
ably higher mean Pass@1 compared with strict
greedy decoding. In contrast, purely supervised
or DPO-trained models do not benefit from higher
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Figure 4: Effect of clarification budget on task success and interaction efficiency under forced sampling.

sampling temperatures, and in some cases exhibit
degraded performance. This indicates that GRPO
learns a broader distribution of effective strategies,
the benefits of which are maximized when moder-
ate stochastic sampling enables the model to navi-
gate a wider space of solution trajectories.

4.2 TImpact of Clarification Trigger Frequency

We study the effect of clarification trigger fre-
quency by varying the maximum number of al-
lowed clarification turns under forced sampling.
Figure 4 summarizes the resulting trade-off be-
tween task success and interaction efficiency.

As shown in Figure 4(a), increasing the clari-
fication budget can improve Mean Pass@1, aver-
aged over the airline and retail domains. However,
the effect is non-monotonic across methods, with
moderate clarification budgets consistently outper-
forming both no clarification and overly frequent
clarification, suggesting that allowing more clar-
ification opportunities does not uniformly trans-
late into higher task success. Contrary to the in-
tuition that more information is always beneficial,
our findings indicate that over-clarification can ac-
tively degrade performance by introducing redun-
dancy, polluting the task state, and increasing user
fatigue. Figure 4(b) reports the corresponding in-
teraction rounds, measured by the mean number of
non-clarification steps. As the clarification budget
increases, interaction trajectories generally become
longer, reflecting the additional coordination and
decision-making required during task execution,
highlighting the inherent trade-off between task
success and interaction efficiency.

Overall, these results indicate that clarification

trigger frequency is a sensitive control parameter.
While clarification can help resolve ambiguity in-
troduced by stochastic user responses, overly fre-
quent clarification may incur additional interaction
cost without consistently improving task success.

4.3 Cross-Agent Generalization Ability

Table 3 presents the cross-agent generalization per-
formance under deterministic decoding with dif-
ferent clarification strategies. All experiments are
conducted with think mode disabled for all agents.
We compare three clarification settings across agent
backbones: no clarification (None), an external clar-
ification model (Qwen3-8B), and our learned clari-
fier (Ours), trained via SFT followed by GRPO.
Across agents, incorporating clarification im-
proves the average success rate by approximately
1.5-12.6 % compared to the no-clarification base-
line, confirming the effectiveness of explicitly re-
solving fuzzy user intents for cross-agent gener-
alization. While clarification increases steps for
Qwen3-8B and Kimi-K2-Instruct, it reduces over-
all interaction length for other agents. Notably,
when averaged across agents, Ours achieves a 5.2%
improvement in success rate while increasing the
total number of interaction steps by only 0.1 on
average, suggesting a favorable balance between
improved task success and interaction efficiency.
We further compare the learned clarifier (Ours)
with an external pretrained clarifier (Qwen3-8B).
At the agent level, the learned clarifier achieves
higher success rates for several backbones, includ-
ing Qwen3-8B, DeepSeek-R1, DeepSeek-V3.1,
DeepSeek-V3.2, and Kimi-K2-Instruct, with im-
provements exceeding 5%. In contrast, for Qwen3-



Setting Success Rate (%1) Steps |
Agent Model Clarifier Model Retail Airline Average Average Agent Average Clarify Average Sum
Qwen3-8B None 16.5 14.3 154 25.43 0 25.43
Qwen3-8B Qwen3-8B 15.7 8.0 11.9 30.6 2.71 333
Qwen3-8B Ours 194 15.3 17.4 30.2 2.92 33.12
Qwen3-14B None 17.4 10 13.7 32.9 0 329
Qwen3-14B Qwen3-8B 244 28 26.4 13.7 3.37 27.1
Qwen3-14B Ours 24 20 22 21.8 3.12 24.9
Qwen3-30B-A3B  None 174 18 17.7 35.6 0 35.6
Qwen3-30B-A3B  Qwen3-8B 16.5 22 19.3 31 2.78 33.8
Qwen3-30B-A3B  Ours 17.4 22 19.7 32 3.0 35
DeepSeek-R1 None 31.3 40 35.7 26.1 0 26.1
DeepSeek-R1 Qwen3-8B 26.0 42 34 11.4 0.98 12.5
DeepSeek-R1 Ours 33.9 44 39 23.4 2.14 25.5
DeepSeek-V3.1 None 33.9 32 33 322 0 322
DeepSeek-V3.1 Qwen3-8B 40.9 38 39.5 25.8 2.67 28.5
DeepSeek-V3.1 Ours 45.2 46 45.6 28.2 2.66 30.9
DeepSeek-V3.2 None 36.5 30 333 329 0 329
DeepSeek-V3.2 Qwen3-8B 39.1 40 39.6 26 2.7 28.7
DeepSeek-V3.2 Ours 38.2 42 40.1 27.7 3 30.7
Kimi-K2-Instruct  None 13.0 32 22.5 28.8 0 28.8
Kimi-K2-Instruct  Qwen3-8B 6.1 30 18.1 29.7 0.72 30.4
Kimi-K2-Instruct ~ Ours 13.9 34 24 29.8 3.42 332
Agent Avg. None 23.7 25.2 24.5 30.6 0.00 30.6
Agent Avg. Qwen3-8B 24.1 29.7 27 24 23 27.8
Agent Avg. Ours 274 319 29.7 27.6 2.89 30.5

Table 3: Agent and clarifier generalization performance with the clarifier decoded deterministically. Different
agent backbones are compared under varying clarification strategies, including no clarification (None), an external
clarification model (Qwen3-8B), and a learned clarifier (Ours) trained with SFT and GRPO. Bold numbers denote
the best-performing configuration for each agent. 1 () indicates higher (lower) is better.

14B, the external clarifier attains a higher average
success rate, exceeding that of Ours by 4.4%.

From an interaction perspective, the learned clar-
ifier maintains a relatively consistent level of clar-
ification across agent backbones, with the aver-
age number of clarification turns remaining within
2.1-3.2. This reflects a stable clarification strat-
egy that does not aggressively minimize interaction
steps. By contrast, when Qwen3-8B is used as
the clarifier, a different interaction pattern is ob-
served for certain agent backbones. In particular,
for DeepSeek-R1 and Kimi-K2-Instruct, Qwen3-
8B reduces the average number of clarification
turns to below one (0.98 and 0.72, respectively), re-
sulting in shorter interaction trajectories. However,
this reduction in interaction length does not lead
to higher task success, suggesting that strategies
emphasizing fewer turns can shorten trajectories
without reliably improving outcomes.

When averaged across agent backbones, Ours
achieves a higher average success rate (29.7% vs.
27%), accompanied by a modest increase in the

number of clarification turns (2.89 vs. 2.3 on aver-
age), which leads to a slightly higher total interac-
tion cost (30.5 vs. 27.8 steps). Despite its smaller
model size (1.7B parameters), the learned clarifier
achieves comparable or improved performance in
the majority of settings, indicating that task-trained
clarification can generalize across different agent
backbones while requiring substantially less mem-
ory and inference cost.

5 Conclusion

We present a Clarifier-augmented framework based
on 7-Bench and compare clarification learning via
SFT, DPO, and GRPO. Learning to ask clarifi-
cation questions consistently improves task suc-
cess by 1.5-12.6% across domains and agent back-
bones. Further experiments on clarification bud-
gets and cross-agent generalization show that the
learned clarifier improves agent-averaged success
by 5.2% while increasing interaction steps by only
0.1 on average, and generalizes effectively despite
its smaller model size of 1.7B parameters.



6 Limitations

Our training data are constructed using a relatively
coarse interaction-driven procedure and do not ex-
plicitly optimize for fine-grained coverage of all
possible ambiguity patterns. Nevertheless, the pro-
posed framework consistently achieves strong per-
formance across domains, suggesting robustness to
such data granularity. Exploring more refined data
curation strategies remains an interesting direction
for future work.
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7 Appendix

7.1 Prompt Templates and Generation
Settings

We use the following decoding and sampling pa-
rameters for the feacher model throughout data
generation:

"messages”: messages,
"think_budget": 600,
"max_tokens": 1000,
"temperature”: 0.6,
"top_p": 0.95,
"top_k": 30,
"stream”: False,

Clarifier Prompt Template. The following
prompt template defines the behavior of the
clarification model, which conditions on the
dialogue interaction history to determine whether a
follow-up question is required and, if so, generates
a concise clarification question.

"role_definition”:

"You are a Clarification Assistant
responsible for determining whether the agent
needs to ask a clarifying question.”
History: {history_text}

"instructions”:

"Analyze the dialogue and decide whether
clarification is needed.

If not needed, answer ‘NO‘.

If needed, answer:

YES [QUESTION]Your clarification question
here[/QUESTION]

Ask only one concise question about user
intent.

Do not ask about data retrievable from tools.
Do not repeat previous questions.”
"expected_output”:

Either:

- NO

or

- YES [QUESTION]...[/QUESTION]

User Prompt Template. The following prompt
template is used to simulate a human user during
interaction, specifying the behavioral constraints
and response style of the LM-based user simulator.

"role_definition”:

"You are a user interacting with an agent.
Your behavior simulates a human user
following a hidden instruction.”
"instructions”:

"Generate only one message at a time.
Reveal information gradually instead of all
at once.
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Do not invent facts missing from the
instruction—if the agent asks for unavailable
details, say you don’t remember.

When the instruction’s goal is completed,
output STOP.

Do not repeat the instruction verbatim; use
natural conversational phrasing.

Maintain a natural, human-like conversation
style.”

"expected_output”:

A single user utterance per step.

DPO Judge Prompt Template. The following
prompt template is used for the preference judge in
the DPO stage. Given two candidate clarification
questions, the judge evaluates their relative
quality with respect to task relevance, clarity, and
usefulness, and produces a pairwise preference
label used for training.

"role_definition”:

"You are an expert evaluator for
clarification questions in customer service
scenarios.”

User Detailed Requirement: {user_requirement}
Conversation History: {conversation_history}
"instructions”:

"Evaluate the following two candidate
clarification questions. Consider the
following factors:

1. Relevance to the task and missing
information.

2. Clarity and specificity.

3. Naturalness and politeness.

4. Likelihood to elicit useful information
from the user.”

"Your task":

"1. Think carefully about the evaluation.

2. Select the better question based on the
factors above.”

"expected_output”:

"Qutput your judgment in exactly this format:
PREFERENCE: [A/B/TIE/BOTH_BAD]

REASON: [Brief explanation]”

"rules”:

"1. If one question is clearly better, choose
A or B.

2. If both are equally good, choose TIE.

3. If both are poor quality, choose
BOTH_BAD."

GRPO Judge Prompt Template. The following
prompt template is used for the preference judge
during GRPO training. Given multiple candidate
clarification questions generated from on-policy
rollouts, the judge ranks them by quality and
relevance with respect to the user requirement
and dialogue context, and assigns scalar scores
that serve as group-wise preference signals for
optimization.



"role_definition":

"You are a professional question quality
evaluator.”

User Requirement: {user_requirement}
Original Dialogue: {original_prompt}
"instructions”:

"Rank the following {n} clarification
questions from BEST to WORST based on their
quality and relevance.

You must consider the user requirement and
original dialogue context carefully.

- Output MUST be in English.

- Rank all {n} questions from best (1) to
worst ({n}).

- Assign a score in [0, 10] to each question
(higher is better).”

"expected_output”:

"Ranking"”: {Ranking_output}

"Scores": {Scores_output}

7.2 Clarifier Example

This example illustrates a clarification scenario
in which the agent cannot proceed using avail-
able tools alone and must request additional user-
provided information. Although the user has spec-
ified the payment method and provided identity
information, the order ID required for executing
the exchange remains unspecified. The Clarifier
correctly identifies this missing decision-critical
input and generates a single, targeted clarification
question to resolve the remaining uncertainty.

Clarifier Prompt.

You are a Clarification Assistant. Your goal
is to help the agent decide whether it needs
to ASK THE USER a clarifying or confirming
question before proceeding with the next
action.

Context:

User: I need to exchange some items via
PayPal. Let me check the details. /no_think
Agent: To assist you with exchanging items
via PayPal, I’11 need the following
information:

1. Your email address or full name and zip
code to authenticate your account. 2. The
order ID of the delivered order you want to
exchange. 3. The item IDs of the items you
want to exchange. 4. The new item IDs you
would like to exchange the items for (ensure
they are of the same product type). 5.
Confirmation that you want to use PayPal as
the payment method for any price difference.
Please provide these details so I can proceed
with the exchange.

User: My name is Mei Martin and my zip code
is 32124. /no_think

Agent: [TOOL_CALL:
find_user_id_by_name_zip(first_name=Mei,
last_name=Martin, zip=32124)]
Tool[find_user_id_by_name_zip]:
mei_martin_4260

Your task:

1. Review the dialogue and detect any genuine
uncertainty about the user’s intent or
decision. 2. If the next step is clear or
solvable with the agent’s own tools or data,
do NOT ask. 3. Only if user input is truly
required, write ONE concise question that
directly removes the uncertainty.

Response format (STRICT):

- If clarification is needed: YES
[QUESTION]Your concise and specific
clarifying question to the user
here[/QUESTION] - If no clarification is
needed: NO

Rules:

- Ask ONLY about what the user personally
knows or decides (intent, preference,
confirmation). - NEVER ask about facts or
data retrievable from tools or databases. -
Do NOT repeat, paraphrase, or re-confirm what
the agent and user already said. - Avoid
repeating or rephrasing any previously asked
clarification questions.

Output only the answer in the specified
format, with no explanations or extra text.
/think

Clarify Reasoning (Chain-of-Thought).

Okay, let’s see. The user wants to exchange
items via PayPal. They provided their name
and zip code, which the agent used to find
their user ID. Now, the next steps would be
to get the order ID, item IDs, new item IDs,
and confirmation about using PayPal for the
price difference.

The user hasn’t given the order ID yet. The
agent needs that to proceed. Since the user
hasn’t provided it, the agent needs to ask
for it. The order ID is something the user
would know, so asking for it is appropriate.
The agent already has the user’s ID, but
cannot retrieve the order ID without user
input. Therefore, clarification is required.

Assistant Output.

YES [QUESTIONIWhat is the order ID of the
delivered order you want to
exchange?[/QUESTION]

7.3 DPO Example

This example illustrates a case where the user spec-
ifies preferences at the attribute level, but the agent
cannot map them to an executable action without
additional user-provided identifiers. The Clarifier
correctly detects that a minimal follow-up question
is required. We present an example of a prefer-
ence pair used for Direct Preference Optimization
(DPO), where the clarification model is trained to
prefer a more goal-resolving clarification question
over a less effective alternative under the same in-
teraction context.



Interaction Context

System Instruction: You are a Clarification
Assistant. Your goal is to help the agent
decide whether it needs to ask a clarifying
or confirming question before proceeding with
the next action.

Dialogue Context:

Clarification: Are you also requesting to
exchange the Mechanical Keyboard listed in
your order (#W7293142) for a different model?
User-Clarification: Yes, I also want to
exchange the Mechanical Keyboard {switch type:
clicky, backlight: RGB, size: full size} for
a keyboard with {backlight: none, size: 80%}
using the same gift card. /no_think

Agent: [TOOL_CALL:
exchange_delivered_order_items
(item_ids=[6956751343, 90257533811,
new_item_ids=[6956751343, 90257533811)]

Tool Response: Error — new item 9025753381
not found or available.

Clarification: Could you confirm the new item
IDs for the Mechanical Keyboard exchange?
User-Clarification: The new Mechanical
Keyboard I want is {switch type: clicky,
backlight: none, size: 80%} and I will use
the same gift card 9909795 for both exchanges.
/no_think

Agent: [TOOL_CALL:
get_product_details(product_id=1656367028)]
Tool Response: Returned available variants,
none matching size 80%.

Preferred Clarification (Chosen)

Output:

YES [QUESTION] What is the specific item ID
for the new Mechanical Keyboard with {switch
type: clicky, backlight: none, size: 80%}?
[/QUESTION]

Dispreferred Clarification (Rejected)

Output:
YES [QUESTION] What is the item ID for
[/QUESTION]

7.4 Training Hyperparameters

7.4.1 Supervised Fine-Tuning (SFT).

All Clarifier models are initialized from
Qwen3-1.7B-Base and trained wusing full-
parameter supervised fine-tuning with DeepSpeed.
Training is performed on two GPUs with bfloat16
precision. We use a learning rate of 1 x 1075 and
train for 3 epochs. The per-device batch size is
set to 1 for both training and evaluation. Gradient
checkpointing is enabled to reduce memory usage,
and the maximum sequence length is set to 4096
tokens. A linear learning rate warmup with a
warmup ratio of 0.05 is applied.
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7.4.2 Direct Preference Optimization (DPO).

For DPO training, we initialize the model from
Qwen3-1.7B-Base and apply full-parameter opti-
mization using pairwise preference data. Training
is conducted on two GPUs with bfloat16 preci-
sion. We train for 2 epochs with a learning rate of
1 x 1075, The per-device batch size is set to 1, with
gradient accumulation over 4 steps. The maximum
sequence length is 2048 tokens. A KL regulariza-
tion coefficient 3 is set to 0.2, and a linear warmup
with a warmup ratio of 0.05 is applied.

7.4.3 Group-wise Reinforcement Preference
Optimization (GRPO).

GRPO training is performed using an on-policy
optimization setup with separate rollout and judge
servers. The rollout server generates stochastic clar-
ification candidates using the current policy, while
a goal-aware judge model evaluates and ranks the
sampled outputs to produce group-wise preference
signals. All GRPO experiments are conducted with
local rollout and judge servers running on dedicated
GPUs.

We initialize GRPO from two different starting
points: the base model (Qwen3-1.7B-Base) and
the SFT-trained model. For the base-initialized
setting, the model is trained for 200 optimization
steps, while for the SFT-initialized setting, GRPO
training is extended to 1000 steps to allow further
refinement of clarification strategies. This asym-
metric training schedule reflects the stronger prior
provided by SFT initialization.

During GRPO training, we sample a fixed num-
ber of on-policy rollouts per update with a non-
zero sampling temperature to encourage explo-
ration. Policy updates are performed using a KL-
regularized objective with respect to a fixed refer-
ence policy, controlled by a coefficient 5. Gradient
accumulation is applied to stabilize optimization,
and model checkpoints are periodically saved for
evaluation. Unless otherwise specified, all other
training hyperparameters follow the default GRPO
configuration.

We use the following settings for GRPO unless
otherwise specified:

(i) training epochs: 3;

(ii) rollout temperature: 0.8;

(iii) per-update batch size: 1;

(iv) learning rate: 5 x 10™";

(v) gradient accumulation steps: 8;

(vi) KL coefficient: 8 = 0.1;

(vii) checkpointing every 100 update steps.



(viii) on-policy rollouts per update: k = §;
We perform 200 update steps for Base-init GRPO
and 1000 update steps for SFT-init GRPO.

7.5 Case Study: Clarification as a Critical
Control Mechanism
7.5.1 Task Overview

We analyze a real-world tool-augmented conver-
sational agent trajectory in a retail domain. The
task requires modifying a pending order by chang-
ing both the payment method and a specific item
variant. The agent operates under strict system con-
straints, including irreversible tool calls and limited
action opportunities.

Reward Signal. The trajectory receives a termi-
nal reward of 1.0 with full action credit (7actions =
1.0), indicating successful task completion consis-
tent with the ground-truth action sequence.

7.5.2 System Policy and Constraints

The agent follows a predefined retail policy with
the following critical constraints:

* User identity must be authenticated before any
action.

Only one user can be served per conversation.

Only orders with status pending may be mod-
ified.

Payment method modification and item modi-
fication are separate tool calls.

modify_pending_order_items:

— Can be invoked only once.
— Is irreversible.

— Requires collecting all items to be modi-
fied in a single call.

— Only allows replacement with an avail-
able item variant of the same product.

These constraints significantly restrict the
agent’s error tolerance.

7.5.3 Task Specification

The following task is synthetically annotated and
corresponds to the trajectory analyzed in this work.

Task Definition.

Annotator: synthetic
User ID: lucas_martin_4549
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User Instruction.

Your name is  Lucas  Mar-
tin and your email is lu-
cas.martin5733 @example.com. You are
patient, cautious, and organized. For
order #W9318778, change the payment
method to credit_card_7862034.
For order #W9318778, modify the
Bicycle from {frame size: medium,
color: black, type: mountain} to
{frame size: large, color: red};
modify the Air Purifier from {room
size: medium, filter type: HEPA,
features: quiet operation} to {}.
All modifications should be processed
via credit_card_7862034.

Target Actions. The task specifies the following
executable actions: Modify Payment Method

Action(

name = "modify_pending_order_payment”,
kwargs = {

order_id: "#W9318778",
payment_method_id: "credit_card_7862034"

b

)
Modify Order Items

Action(
name = "modify_pending_order_items”,
kwargs = {

order_id: "#W9318778",
item_ids: ["2143041831", "3076708684"],

new_item_ids: ["5606522780", "3076708684"],

payment_method_id: "credit_card_7862034"

b
)

7.5.4 Complete Interaction Trajectory
1. User: Requests to modify an order.

2. Agent: Requests identity verification.

3. User: Provides name and email.

4. Tool Call: find_user_id_by_email.

5. Tool Result: User ID retrieved successfully.
Order Retrieval

1. User: Provides order ID #W9318778.

2. Tool Call: get_order_details.



3. Tool Result:

¢ Order status: pending
* Items:
— Bicycle (item ID 2143041831)
— Mechanical Keyboard
— Wall Clock
— Air Purifier (item ID 5669664287)
— Air Purifier (item ID 3076708684)
* Original payment method: gift card

User Intent Declaration

1. User: Requests:

* Change payment method to

credit_card_7862034.

e Update both Bicycle and Air Purifier
items.

Payment Modification

1. Tool Call: modify_pending_order_payment.

2. Tool Result:

* Payment method updated.
* Original gift card payment refunded.
¢ Order status remains pending.

Clarification Turn 1: Item Scope Conflict

1. Agent (Clarify): Requests clarification re-
garding which item should be updated, noting
inconsistency between the user request and

the system state.

User: Retracts Air Purifier modification and
specifies updating the Bicycle to a large frame
size and red color.

Failed Item Modification Attempt

1. Tool Call: modify_pending_order_items
with a non-existent new item ID.

2. Tool Result: Error:
or available.

new item not found

This confirms that the agent cannot safely infer
a valid item variant without additional information.
Clarification Turn 2: Action Type Alignment

1. Agent (Clarify): Asks whether the user in-
tends to update item options or replace the
item.
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2. User: Confirms intent to update attributes
(frame size and color).

This exposes a mismatch between natural lan-
guage intent and system-supported operations.
Product Variant Discovery

1. Tool Call: get_product_details.

2. Tool Result: Multiple Bicycle variants are
returned, including:

* Variant 5606522780 (large, red, avail-
able).

Clarification Turn 3: Irreversible Action Con-
firmation

1. Agent (Clarify): Requests explicit confirma-

tion of variant ID 5606522780 before proceed-
ing.

2. User: Confirms the variant selection.

Final Item Modification
1. Tool Call: modify_pending_order_items.

2. Tool Result:

* Bicycle item replaced successfully.

* Order status updated to pending (item
modified).

* Correct payment adjustment applied.

Causal Analysis of Clarification

Failure Risks Without Clarification

Without clarification, the agent would face un-
avoidable failure modes:

* Acting on incorrect item scope (Air Purifier
vs. Bicycle).

* Attempting unsupported option-level modifi-
cations.

* Selecting invalid or unavailable item variants.
e Premature invocation of an irreversible API.

Any of these failures would result in a terminal
reward of zero.

Clarification as a Necessary Condition

Each clarification turn resolves a distinct block-
ing issue:

* Clarify 1: Aligns target item with system
state.



* Clarify 2: Maps user intent to legal action
space.

* Clarify 3: Safeguards an irreversible tool call.

Notably, a tool-level failure occurs prior to suf-
ficient clarification, demonstrating that success is
unattainable without corrective clarification.

Conclusion

Clarification is not an auxiliary conversational
feature in this task. It is a necessary execution-
level control mechanism. Without clarification, no
valid action sequence exists that satisfies system
constraints. Thus, clarification is a necessary and
causal factor for task success in this trajectory.

Clarification enables the existence of a success-
ful trajectory under irreversible and highly con-
strained tool-use settings.
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