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Abstract

Reasoning-oriented Large Language Models
(LLMs) have achieved remarkable progress
with Chain-of-Thought (CoT) prompting, yet
they remain fundamentally limited by a blind
self-thinking paradigm: performing extensive
internal reasoning even when critical informa-
tion is missing or ambiguous. We propose
Proactive Interactive Reasoning (PIR), a new
reasoning paradigm that transforms LLMs from
passive solvers into proactive inquirers that in-
terleave reasoning with clarification. Unlike
existing search- or tool-based frameworks that
primarily address knowledge uncertainty by
querying external environments, PIR targets
premise- and intent-level uncertainty through
direct interaction with the user. PIR is im-
plemented via two core components: (1) an
uncertainty-aware supervised fine-tuning pro-
cedure that equips models with interactive rea-
soning capability, and (2) a user-simulator-
based policy optimization framework driven
by a composite reward that aligns model behav-
ior with user intent. Extensive experiments on
mathematical reasoning, code generation, and
document editing demonstrate that PIR consis-
tently outperforms strong baselines, achieving
up to 32.70% higher accuracy, 22.90% higher
pass rate, and 41.36 BLEU improvement, while
reducing nearly half of the reasoning computa-
tion and unnecessary interaction turns. Further
reliability evaluations on factual knowledge,
question answering, and missing-premise sce-
narios confirm the strong generalization and
robustness of PIR. !

1 Introduction

The emergence of reasoning-oriented LLMs such
as GPT-ol (OpenAl et al., 2024) and DeepSeek-
R1 (DeepSeek-Al, 2025) marks a fundamental
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'"Model and code are publicly available at:
https://github.com/SUAT-AIRI/Proactive-Interactive-R 1

paradigm shift toward self-thinking models, which
internally deliberate through multi-step CoT rea-
soning. This paradigm has substantially boosted
performance on complex tasks, and recent studies
further suggest that the quality of explicit reason-
ing traces is positively correlated with final accu-
racy (Pu et al., 2025).

Despite these advances, current reasoning LLMs
exhibit a critical limitation, which we term blind
self-thinking: they often fail to recognize when
their reasoning is underinformed or based on am-
biguous user instructions (Wang et al., 2024a), as
shown in the left part of Figure 1. When users pro-
vide incomplete or ambiguous prompts, a common
occurrence in real-world interactions, models tend
to continue lengthy reasoning regardless, leading
to overthinking (Cuadron et al., 2025), hallucina-
tions (Yuan et al., 2024), and misaligned conclu-
sions (Fan et al., 2025; Chen et al., 2025). Users
are then forced to perform iterative post-hoc cor-
rections, which significantly degrade interaction
efficiency and user experience (Wang et al., 2024a;
Kim et al., 2024). Although recent multi-turn inter-
active LLMs (Wu et al., 2025) acknowledge this by
attempting to reactively follow user feedback, they
remain passive solvers and fail to actively reduce
unnecessary conversational turns.

To bridge the gap between ambiguous user
queries and precise reasoning execution, we in-
troduce PIR, a new paradigm that transforms rea-
soning LLMs from passive solvers into proactive
inquirers, offering a principled approach for align-
ing reasoning with user intent under ambiguity, as
shown in the right of Figure 1. Instead of relying on
user-initiated corrections, PIR explicitly trains mod-
els to detect missing premises and autonomously
initiate clarification during the reasoning process.

Our approach consists of two clearly separated
stages. First, we propose an uncertainty-aware
mechanism for constructing an interactive reason-
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Figure 1: The Proactive Interactive Reasoning (PIR) Paradigm. The schematic contrasts inefficient "blind
self-thinking" on ambiguous queries with the PIR approach. PIR utilizes uncertainty detection and a two-phase
optimization mechanism to enable proactive clarification with a user simulator, aligning reasoning chains with user
intent to achieve accurate problem-solving that is efficient, robust, and minimal compute costs.

ing dataset to activate the model’s interactive capa-
bility. Specifically, the mechanism detects critical
decision points where the model’s confidence dips.
At these junctures, we convert monologic reason-
ing traces into a think-and-ask format by injecting
clarification questions and user replies simulated
by instruction-following LLMs. Then, to further
align the model’s reasoning behavior with user in-
tent, we introduce a novel Group Relative Policy
Optimization framework equipped with a dynamic
user simulator (US-GRPO) and a principled com-
position of extrinsic (task success) and intrinsic
(helpfulness-efficiency) rewards. This optimization
explicitly encourages the model to prioritize intent
resolution over ungrounded self-thinking, leading
to significant improvements in both correctness and
interaction efficiency.

Extensive experiments on mathematical reason-
ing, code generation, and document editing show
that PIR effectively avoids invalid reasoning tra-
jectories, reducing computation by an average of
approximately 2k tokens per task and cutting un-
necessary interaction turns by half. Meanwhile,
PIR achieves superior performance with improve-
ments of 9.8% in Accuracy, 3.2% in Pass Rate, and
13.36 in BLEU, respectively. Additionally, PIR
also demonstrates strong generalization on non-
interactive benchmarks, including factual knowl-
edge, question answering, and missing premise
tests, suggesting that proactive interactive reason-
ing is beneficial beyond interactive settings.

Our contributions are summarized as follows:

* We identify and formalize the blind self-
thinking problem in current reasoning LLMs

and propose the PIR framework to enable proac-
tive clarification.

* We develop a reinforcement learning method,
US-GRPO, incorporating a dynamic user simu-
lator and both extrinsic and intrinsic rewards to
align reasoning with intent resolution and opti-
mize interaction efficiency.

* Through extensive experiments, we show that
PIR achieves state-of-the-art performance on
both interactive and general reasoning bench-
marks, providing a more efficient and user-
aligned paradigm for next-generation reasoning
models.

2 Related Work

2.1 Reasoning Large Language Model

Recent reasoning LLMs, such as GPT-ol (Ope-
nAl et al., 2024) and DeepSeek-R1 (DeepSeek-
Al, 2025), have shown impressive performance on
complex problem-solving tasks by generating ex-
plicit CoT before producing final answers. Despite
these advances, these models frequently exhibit
pathological reasoning behaviors: they may over-
think (Fan et al., 2025; Chen et al., 2025), even
hallucinate during intermediate reasoning (Yuan
et al., 2024), or produce misaligned conclusions
that waste substantial computation (Qiu and Srivas-
tava, 2025).

To alleviate these issues, a growing line of re-
search attempts to augment self-thinking models
with external grounding mechanisms. Retrieval-
augmented approaches such as Search-R1 (Jin
et al., 2025) and related variants (Song et al.,
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Figure 2: Overview of the PIR Framework. The framework operates in two phases to transition LLMs from

passive solvers to active inquirers.

2025; Luo et al., 2025) incorporate retrieval into
the reasoning process to reduce factual mistakes
by supplying verified external evidence. Other
works (Qian et al., 2025; Zhang et al., 2025) em-
power reasoning with external tools, e.g., code in-
terpreters or APIs, to validate intermediate steps or
execute computations. While these approaches ef-
fectively mitigate factual hallucinations, they tend
to treat errors primarily as knowledge deficiencies
rather than intent deficiencies. As a result, they
remain insufficient when the primary source of fail-
ure is misunderstanding the user’s intent.

2.2 Interactive Large Language Model

A complementary research direction focuses on en-
hancing LLM interactivity to improve user—model
alignment. Early methods (Kim et al., 2023; Falt-
ings et al., 2023; Chi et al., 2024; Zhao and Dou,
2024) explored prompting strategies that guide
LLMs to ask clarification questions. However,
these methods often depend on fixed interaction
templates, limiting flexibility and generalization
across diverse tasks.

Recent studies have investigated more principled
training approaches. CLAM (Kuhn et al., 2023)
demonstrates substantial gains by using synthetic
ambiguous queries generated via controlled pertur-
bations. Other works (Erbacher and Soulier, 2023;
Zhao and Dou, 2024) employ reinforcement learn-
ing to teach LLMs when to issue clarification re-
quests. Yet, follow-up analyses (Zhang et al., 2024)
reveal that existing systems frequently struggle to
determine what information is missing and which
question would effectively reduce ambiguity, sug-

gesting inadequacies in their reasoning processes.
CollabLLM (Wu et al., 2025) reframes LLMs as ac-
tive collaborators rather than passive solvers. While
effective, this line of work still relies largely on
surface-level behavioral patterns. Crucially, these
models do not explicitly integrate the clarification
step into the internal reasoning chain, leaving the
decision-making behind “when and why to ask”
fundamentally opaque.

3 Proactive Interactive Reasoning
Framework

To address the limitations of blind self-thinking,
we propose the PIR framework, which equips rea-
soning LLMs with the ability to proactively query
users and dynamically integrate feedback during
reasoning. As shown in Figure 2, PIR consists of
two phases: (1) Interactive Capability Activa-
tion, where the model learns when and how to ask;
and (2) User-Intent Alignment, where the model
refines its reasoning based on user feedback.

3.1 Phase I: Interactive Capability Activation

A core challenge in activating interactive capabil-
ity is identifying when the model should initiate
clarification. In real-world reasoning, the need
for clarification often emerges when the model be-
comes uncertain about its intermediate decisions,
yet continues to reason without sufficient informa-
tion. Therefore, we argue that an effective training
signal for interactive reasoning should be closely
tied to the model’s internal uncertainty during the
reasoning process.
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3.1.1 Uncertainty-Aware Interactive Data
Augmentation

Inspired by prior work (Yang et al., 2025) showing
that reasoning LLLMs exhibit spikes in uncertainty
around “aha moments”, indicating points where the
model is unsure, we leverage this observation to
convert uncertainty into a direct training signal for
interactive reasoning.

Given an input x, we obtain the initial rea-
soning traces using a frozen teacher model and
segment it into a sequence of reasoning steps
s = {s1,...,sn}, where each step corresponds
to a semantically coherent sentence-level unit. For
each step s;, we compute its Predictive Entropy
(PE) (Kadavath et al., 2022) as

1 ;]

Uncertainty(s; | x) = sl Zlogp(zi | z<i, S<j,X)

o ()
where z; denotes the i-th token within step s;.
PEnorm values are ranked in the top-k% are se-
lected as candidate clarification points. At each
selected clarification point, we employ a strong
instruction-following model (e.g., GPT-40-mini) to
insert an explicit clarification question and simulate
a corresponding user response. This process trans-
forms an originally linear CoT into an interleaved
think—ask—respond trajectory:

y={t1, (a1,71),- -y tm, (@m,Tm), O} 2)
where t; denotes a reasoning step, (a;, ;) is the in-
serted clarification—response pair, and O is the final
answer. Through this construction, the model is ex-
plicitly exposed to the causal pattern uncertainty —
clarification — improved reasoning, which serves
as a direct training signal for learning proactive
interactive behavior.

3.1.2 Supervised Fine-Tuning for Cold-Start

To endow the model with the interactive capability
for generating clarifying questions during thinking,
we perform supervised fine-tuning (SFT) on the
augmented trajectories. Given input z and its inter-
action sequence y = ¥1.1,, the training objective is
the standard autoregressive loss:

L

Lspr = — Zlogpg(yj | ©,y<;5) (€)

j=1
The optimization spans the entire sequence y,
including reasoning steps (¢;), proactive questions
(a;), simulated responses (7;), and the final answer
(O), allowing the model to learn smooth transitions
between internal reasoning, inquiry initiation, and

feedback incorporation.

3.2 Phase II: User-Intent Alignment

While Phase I equips the model with the structural
capability to initiate interaction, it does not explic-
itly optimize whether a clarification is necessary
nor how to ask efficiently, as reflected in Table 1.
Moreover, optimizing such behavior directly with
real users is impractical due to high cost, limited
availability, and uncontrolled noise. Therefore, we
construct US-GRPO, a controllable interactive envi-
ronment featuring a user simulator, which enables
the systematic optimization of interactive reason-
ing behaviors with a designed composite reward,
thereby promoting accurate, efficient, and intent-
aligned problem solving.

3.2.1 Group Relative Policy Optimization
with User Simulator

User Simulator Construction. We first build
a dynamic interactive environment using an
instruction-following LLM prompted as a user sim-
ulator S, conditioned on a specific user intent 7
(defined in Appendix A.8). Within this environ-
ment, the interactive reasoning policy 7y generates
reasoning steps and clarification questions, while
the simulator produces responses that are consistent
with the underlying intent.

Given an input x and intent Z, the joint interac-
tive trajectory y is generated as

Yy~ p(y | LL‘7I) = Hrjjzl ﬂg(tn,an | hn),S(Tn | a’ﬂvz-) (4)

where h,, denotes the interaction history at turn n,
t,, is the n-th reasoning segment, a,, is the clari-
fying question (if any), and r,, is the simulator’s
response. This formulation enables the model to
explore diverse questioning strategies in a control-
lable, responsive environment.

Optimization with GRPO. To optimize the ob-
jective, we adopt GRPO (Shao et al., 2024), an ef-
ficient reinforcement learning (RL) algorithm that
avoids training a separate value-function critic.
For each query z, GRPO samples a group of G
trajectories {y1,. .., yg} from the old policy mog.
The policy is updated by maximizing
Jcerro(0) = Eond, y;~morq {é XC: ( ﬁ %)Af

i1 S asi Tola(tn s an

&)
—BDxL(mo || mret)
where fll is the group-relative advantage, and ¢
is a reference policy that regularizes updates via
KL divergence. During optimization, gradients are
only applied to the policy outputs (¢, a,), while
ry, 1s fully masked out from the policy gradient.
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3.2.2 Composite Reward Modeling

Our optimization objective is to encourage the
model to produce correct final answers while mini-
mizing unnecessary interaction and ensuring high-
quality clarification behavior. To this end, we de-
fine a composite reward function that evaluates
both the final output and the interaction process.
Let y be a generated trajectory consisting of a rea-
soning path r (including interaction turns) and a
final output o, with ground-truth answer g. The
total reward is defined as:

R(y) = Routput (0, g) + Rreason(T, 0, g) (6)

Output Reward. The output reward Roytput €n-
sures basic task correctness. It assigns a baseline
score Spase Only when the final answer matches the
ground truth:

Routput (0, g) = Spage - 1(0 = g) @)

where I(-) is the indicator function.

Reasoning Reward. The reasoning reward
Ricason evaluates the quality of the interaction pro-
cess and is deliberately activated only when the
answer is correct, so as not to reward hallucinated
or misleading reasoning. For a reasoning path r
that involves n clarification turns, we define

Ricason (r7 o, g) = H(O = g) + Task [Sbi“e : E(T) - Huom (T)] (8)

where [gx equals Sp,se if at least one clarifica-
tion is asked, £(r) measures interaction efficiency,
and Hyywm(r) evaluates the helpfulness of clarifica-
tion turns. Both E(r) and Hyym(7) are normalized
to [0,1]. The indicator I, prevents degenerate
solutions that avoid interaction altogether during
early training and encourages the emergence of
meaningful clarification behavior. The Hyym(r)
are derived from an evaluation by a strong LLM
acting as a judge, based on the prompt provided in
Appendix A.8. We formulate E(r) as

_ Nmax — n
Nmax - 1

where n is the number of clarification turns and

Nax 18 the maximum allowed number of turns.

E(r) )

4 Simulated Experiments

4.1 Experimental Settings
4.1.1 Datasets

To enable proactive interaction at cold start, we con-
struct a new Reasoning-while-asking SFT dataset.
It is built upon open-ended questions from (Zhang

et al., 2023) and is specifically designed to teach
models when and how to ask clarification ques-
tions during reasoning. Concretely, we employ
DeepSeek-R1 (DeepSeek-Al, 2025) as a frozen
reference model to generate initial reasoning trajec-
tories, as described in Appendix A.8, forming in-
teractive reasoning-while-asking training samples.
Our initial analysis in Appendix A.1 demonstrates
that the uncertainty-aware mechanism effectively
enables the model to pinpoint high-uncertainty clar-
ification points and master the interactive format.

To further align model behavior with user in-
tent, we adopt three publicly available multi-turn
task datasets from (Wu et al.,, 2025): Math-
Chat, BigCodeBench-Chat, and DocEdit-Chat,
which respectively represent multi-turn mathemati-
cal problem solving, coding assistance, and collab-
orative document editing—three of the most com-
mon real-world usage scenarios of LLMs. These
datasets are used in the RL stage. We split each
dataset into training and test sets for RL evalua-
tion; detailed statistics and splits are reported in
Appendix A.2.

4.1.2 Baselines

We compare our method with two groups of models
that reflect different modeling philosophies.

Multi-turn LLM. This group evaluates general
conversational and interactive strategies on the non-
reasoning LLM.

* Instruction-Tuned LLM (Yang et al., 2024).
We use Qwen2.5-Math-7B-Instruct as a
general-purpose multi-turn model without ex-
plicit reasoning or interaction enhancement.

* Proactive Prompt. Built upon the Instruction-
Tuned LLM, this baseline introduces explicit
clarification instructions (see Appendix A.8) to
encourage proactive questioning.

* STaR-GATE (Andukuri et al., 2024). An inter-
active method that trains LL.Ms to clarify when
encountering ambiguity.

¢ CollabLLM (Wu et al., 2025). A collaborative
framework that models long-term conversational
contribution using multi-turn-aware RL.

PIR LLM. This group isolates the contributions

of each component in our framework.

* Base Reasoning LLM (DeepSeek-Al, 2025).
We adopt DeepSeek-R1-Distill-Qwen-7B as
the base reasoning model, evaluated in its zero-
shot setting without explicit interactive tuning.
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| MATH-Chat

BigCodeBench-Chat MediumDocEdit-Chat

Method ‘ ACC Tokens(k) TTR Help. PR Tokens(k) TTR Help. | BLEU Tokens(k) TTR Help.
Multi-turn LLM
Instruct Base (Yang et al., 2024) 21.30 2.34 385 0.39 | 15.50 2.78 3.80 0.27 8.50 1.72 4.65 0.07
+ Proactive Prompt 22.90 2.20 371 041 | 19.70 2.84 399 021 7.10 2.14 4.11  0.05
STaR-GATE (Andukuri et al., 2024) 1.80 2.10 420 0.11 8.80 0.83 4.70 0.10 7.00 0.81 490 0.06
CollabLLM (Wu et al., 2025) 16.20 1.99 3.65 0.39 | 10.20 2.87 482 042 | 28.00 2.83 428 048
Proactive Interactive Reasoning LLM
Reasoning Base (DeepSeek-Al, 2025) | 15.20 3.61 \ \ 9.10 2.15 \ \ 34.92 1.40 \ \
+ Active SFT (w/ self-play) 15.30 3.26 \ \ 9.90 2.08 \ \ 28.27 1.82 \ \
+ US-GRPO (w/ self-play) 20.80 1.67 \ \ 10.90 1.07 \ \ 41.05 0.80 \ \
+ Active SFT (w/ interactive) 9.70 2.06 122 024 | 9.10 1.38 032 022 | 2475 2.41 2.00 0.36
+ US-GRPO (w/ interactive) 32.70 1.70 1.80 0.44 | 22.90 1.30 1.29 0.46 | 41.36 0.83 1.00 0.66

Table 1: Evaluation results between the Multi-turn LLM and PIR LLM across Math-Chat, DocEdit-Chat, and
BigCodeBench-Chat datasets. The bold indicates the best performance and the underline indicates the second best.

* Active SFT. The Base Reasoning LLM is further
trained on our SFT dataset, enabling self-play
and interactive completion.

* US-GRPO. The Active SFT model is subse-
quently optimized via US-GRPO with a dynamic
user simulator. We additionally employ Dual-
Active Preference Optimization (Yu et al., 2025)
to accelerate convergence and better align rea-
soning trajectories with user intent.

4.1.3 Implementation Details

Interactive Environment Construction. Fol-
lowing the design of CollabLLM (Wau et al., 2025),
we construct an interactive environment in which a
general user simulator, L1ama-3.1-8B-Instruct,
is employed to generate initially ambiguous re-
quests shown in in the Appendix A.8, and the max-
imum number of interaction turns is set to 5 for all
methods.

To ensure fair and rigorous comparison, different
methods adopt different termination mechanisms.
For the Multi-turn LLM baselines, the user simula-
tor is equipped with an explicit termination signal
[TERMINATE CHAT], which is triggered once the
objective is achieved or further interaction yields
negligible improvement. This design prevents eval-
uation bias caused by redundant generations. In
contrast, PIR LLM does not rely on any external
termination signal, because it can learn to dynami-
cally decide the appropriate number of interaction
turns during training.

Evaluation Paradigm. We evaluate Math-Chat
using accuracy (ACC), while pass rate (PR) is
adopted for BigCodeBench-Chat, and BLEU is
used for DocEdit-Chat. To assess model com-
prehensively, we further introduce three metrics
across all datasets: (1) Average Token Count (To-
ken) measures interaction efficiency based on the

length of generated responses; (2) Turns to Res-
olution (TTR) quantifies the number of conver-
sational turns; (3) Helpfulness of Asking (Help.)
uses the Hypm(r) reward to evaluate the helpful-
ness of model’s asking. For the PIR framework,
the model output following the </think> tag is
extracted as the final answer. For multi-LLM base-
lines, the evaluation protocol is task-specific: (1)
For Code and Math tasks, the dialogue terminates
immediately when a correct answer is produced or
when the simulator emits the termination signal;
(2) For Doc Editing tasks, the session ends only
upon receiving the termination signal or reaching
the maximum turn limit, and the final performance
is computed as the average BLEU score over the
entire interaction history. For additional training
details and generation settings are provided in Ap-
pendix A.2.

4.2 Results of Simulated Experiments

As shown in Table 1, PIR achieves substantial im-
provements over the best existing baselines across
all three tasks. On MATH-Chat, accuracy increases
from 21.30 to 32.70 (+11.40). On BigCodeBench-
Chat, pass rate improves from 19.70 to 22.90
(+3.20). On MediumDocEdit-Chat, BLEU rises
from 28.00 to 41.36 (+13.36). These consistent
gains demonstrate the effectiveness of proactive
clarification for intent-sensitive reasoning.

PIR not only improves task performance but also
significantly reduces interaction cost. Across all
benchmarks, PIR typically maintains low token
usage (approximately 1.3—1.7k tokens) the smallest
TTR, indicating that early and targeted clarification
prevents unnecessary dialogue and leads to faster
convergence on correct solutions.

Comparing Active SFT with US-GRPO high-
lights the importance of reinforcement-based align-
ment. While Active SFT introduces an interactive
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Model| ‘ Factual Knowledge Question Answering Missing Premise Test
Benchmark— ‘ MMLU MMLU-Pro TriviaQA SquAD MIP-GSMSK MIP-MATH
EM  Tokens(k) EM  Tokens(k) | EM  Tokens(k)y EM  Tokens(k) | ACC Tokens(k) ACC Tokens(k)

Reasoning Base 60.12 1.15 51.21 2.04 19.77 1.29 6.24 1.18 8.59 3.07 7.68 3.71
GPT-40-mini 81.04 0.53 58.40 0.61 81.43 0.69 24.66 0.61 10.24 0.80 13.76 147
PIR (w/ self-play) 60.80 0.73 50.00 131 20.12 0.90 6.98 0.99 8.08 0.96 13.46 1.79
PIR (w/ interactive) 60.21 0.76 50.29 1.33 25.56 0.64 22.94 0.81 15.81 0.75 25.00 1.38
PIR (w/ interactive stronger US) | 62.51 0.77 52.87 1.32 45.51 0.68 35.93 0.83 17.35 0.80 25.00 1.47

Table 2: Generalization evaluation of the PIR model trained on Math-Chat on standard non-interactive benchmarks
under the zero-shot-CoT and pass@1 conditions. The bold indicates the best performance and the underline
indicates the second best. Here, the stronger US refers to gpt-4o0-mini.

structure, its performance degrades in real interac-
tive settings (e.g., MATH-Chat drops from 15.30
to 9.70). In contrast, incorporating US-GRPO re-
stores and substantially improves accuracy, con-
firming that US-GRPO is essential for learning
effective questioning strategies and stabilizing rea-
soning under interaction. We further observe that,
after US-GRPO training, the model exhibits a
markedly improved ability to generate more helpful
clarification questions (0.44/0.46/0.66) and consis-
tently outperforms all baseline systems. We also
provide a detailed case study in Appendix A.5 il-
lustrating this behavioral contrast.

4.3 Ablation on US-GRPO

Impact of User Simulator Quality. The user
simulator plays a central role in US-GRPO, as
it directly determines the quality, informative-
ness, and consistency of feedback received dur-
ing multi-turn rollouts. To isolate this factor, we
compare PIR models trained with simulators in-
stantiated by different underlying LLMs, includ-
ing Llama-3.1-8B-Instruct and gpt-4o0-mini,
which represent comparatively weaker and stronger
user environments, respectively. As shown in Fig-
ure 3, upgrading the simulator from Llama-3.1-
8B-Instruct to gpt-4o-mini improves final-task ac-
curacy from 32.70 to 34.00, while moderately in-
creasing token usage from 1.70k to 1.85k. Mean-
while, TTR rises from 1.80 to 2.27, indicating that
a stronger simulator encourages the policy to ask
slightly more but more informative clarification
questions. This richer feedback enables the model
to resolve ambiguity more effectively and achieve
higher task accuracy.

[ ACC B8 TTR

Helpfulness

=3 Tokens

Reasoning RewardReasoning
(Llama-3.1-8B) (GPT-40-mini)

Re: d w/ Helpfulness w/ Efficiency
(Llama-3.1-8B) (Llama-3.1-8B) (Llama-3.1-8B)

Figure 3: Comparison of PIR models trained with differ-
ent reward modeling and user simulators in US-GRPO
in Math-Chat.

Impact of Reward Design. We further investi-
gate how different reward components influence
learning behavior. First, removing the reasoning-
oriented reward causes a substantial performance
drop, with ACC decreasing to 27.5 and TTR in-
creasing to 2.04, as shown in Figure 3. This con-
firms that explicit reasoning supervision is neces-
sary for stabilizing learning and preventing noisy
interaction strategies. Next, we examine the trade-
off between interaction utility and cost. Using only
the helpfulness reward yields higher helpfulness
and accuracy but results in the highest TTR (2.63),
indicating a tendency to over-ask. In contrast, opti-
mizing solely for efficiency minimizes interaction
turns but severely degrades accuracy to 25.1, as the
model prematurely commits to incomplete reason-
ing paths. These findings collectively validate our
composite reward design: simultaneously incen-
tivizing helpfulness and efficiency is essential for
avoiding both redundant dialogue and premature
conclusions. Additional training curve analyses in
Appendix A.3 further support these observations.

5 Reliability in the Wild

5.1 Generalization Evaluation

As shown in Table 2, we consider three represen-
tative evaluation scenarios: Factual Knowledge,
Question Answering, and Missing Premise Testing
(MIP) (Fan et al., 2025), which differ in the nature
and source of uncertainty. These settings enable us
to investigate whether PIR can adjust its interaction
strategy in response to the underlying knowledge
structure and uncertainty type.

Factual Knowledge. On MMLU (Son et al.,
2025) and MMLU-Pro (Wang et al., 2024b), where
the required information is largely contained within
the model’s parametric knowledge, the benefit of
interaction is relatively limited. Even with a strong
user simulator, accuracy improves only from 60.12
to 62.51 on MMLU and from 51.21 to 52.87 on
MMLU-Pro. This indicates that PIR appropri-
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Blind Self-Thinking Proactive Interactive Reasoning

Can you help me with a math problem? I need to find the maximum value of Q
X~y given some equation. I’m not really sure where to start

Okay, so I have this math problem where I need to find the ...

‘
'
'

1
| Wait, maybe the original problem was cut off or something.....
1

Hold on, maybe it's a problem involving constraints?....

i
i

1

] So, just going with that thought, let's assume the equation is a circle....
i

| ... (Omitted about 2 thousand tokens)

To find the maximum value of ( x - y ) given some equation, we can assume a
common constraint such as a unit circle equation ( x> +y* = 1 ). Here are the

key steps:

A J

\

Can you help me with a math problem? I need to find the maximum value of
X—y given some equation. I’m not really sure where to start

)2

]

(To find the maximum value of x — y given an equation, I need to know the
{ specific equation. Since the user hasn’t provided it, I'll assume a general 1
]

| approach and then ask for clarification

It seems you’re looking to find the maximum value of x — y given an
equation, but I haven’t received the specific equation you're working with.
Could you please share the equation so I can guide you through the process?

The equation is 2(x> + y?) = x + y. I'd appreciate it if you could guide me Q
through the process of finding the maximum value of x —y

(multi turns)

To find the maximum value of x — y given the equation 2(x> + y?) =x +y,
we can use the method of Lagrange multipliers. Here’s a step-by- step
solution:

Figure 4: Case study demonstrating user intent: Let x and y be real numbers such that 2(z? + y?) = z + y. Find

the maximum value of x — y. The dashed rectangle (;_ 1) denotes the internal reasoning process, while the
solid rectangle ([_]) denotes the interaction workflow. The PIR LLM shows High Preference and Efficiency

compared to the blind Self-Thinking Mode.

ately relies on its internal knowledge rather than
overusing interaction when external feedback of-
fers marginal utility.

Question Answering. In contrast, on question
answering benchmarks including TriviaQA (Joshi
et al., 2017) and SQuAD (Rajpurkar et al., 2016)
that depend on hidden or external context, PIR
exhibits substantial gains from interaction. With
a weak simulator, performance already improves
noticeably, and with a strong simulator, accuracy
increases dramatically—by 26.74 on TriviaQA and
29.69 on SQuAD. These results demonstrate that
PIR can accurately detect information gaps and
actively utilize external feedback to refine its rea-
soning, rather than generating answers blindly.

Missing Premise Testing. The advantage of PIR
becomes most evident in the MIP. While both the
base model and GPT-40-mini suffer severe degra-
dation due to missing conditions, PIR remains
highly robust. It achieves 17.35 on MIP-GSM8K
and 25.00 on MIP-MATH, while requiring substan-
tially fewer tokens. It confirms PIR can prevent
blind self-thinking: when essential premises are ab-
sent, the model refrains from committing to flawed
reasoning and instead actively seeks clarification
before proceeding. Overall, these results indicate
that PIR learns to adapt its interaction strategy to
the underlying uncertainty structure, selectively in-
voking interaction when beneficial and maintaining
strong intrinsic robustness across diverse evalua-
tion conditions.

5.2 Case Study

Figure 4 provides a concrete illustration of how
PIR prevents blind self-thinking in real interaction.

In the left example, a conventional reasoning model
fails to recognize that the user’s request lacks es-
sential intent information. As a result, it assumes a
default constraint and proceeds with a long chain-
of-thought of nearly 2,000 tokens, ultimately pro-
ducing an answer that is logically self-consistent
but misaligned with the user’s actual need.

In contrast, the right example shows how the PIR
model behaves fundamentally differently. Before
committing to deep reasoning, PIR explicitly de-
tects the missing premise and proactively issues a
clarification question. Once the correct information
is obtained, the model completes the task with min-
imal reasoning steps, achieving the correct solution
while avoiding unnecessary computation.

This case highlights the core advantage of PIR:
rather than reasoning blindly under uncertainty, the
model first secures the premise through interaction,
and only then proceeds with task execution. Addi-
tional case comparisons with strong conventional
LLMs are reported in Appendix A.7.

5.3 Ambiguity Classification Evaluation

To validate that PIR learns to accurately identify
when to ask clarification questions rather than gam-
ing the reward mechanism, we conduct an addi-
tional evaluation on the Abg-CoQA dataset (Guo
et al., 2021), a question-answering benchmark
where questions are explicitly labeled as ambigu-
ous or non-ambiguous.

Setup. For each query, the model must choose
the correct action: either ask a clarification question
or provide a direct answer. We measure three met-
rics: We classify each model response as either a
clarifying question or a direct answer, and measure
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action-level accuracy separately for ambiguous and
non-ambiguous inputs.

Results. As shown in Table 3, PIR achieves
the highest overall accuracy (65.88%) in decid-
ing when to clarify. Compared to strong baselines
including GPT-40 and LLaMA-3.1-8B-Instruct,
PIR is significantly more sensitive to ambiguity
(29.48% vs. 15.44% and 16.26%), while maintain-
ing a reasonable ability to answer directly when the
premise is clear. This confirms that our composite
reward design successfully teaches the model to
identify necessary clarifications rather than blindly
asking trivial questions.

Model Ambiguous Non-Ambig. Accuracy
GPT-40 15.44% 95.60 % 55.52%
LLaMA-3.1-8B-Instruct 16.26% 90.40% 53.33%
PIR (Ours) 49.48 % 70.52% 60.00%

Table 3: Ambiguity classification results on Abg-CoQA.
“Ambiguous” and “Non-Ambiguous” denote the model’s
rates of correctly asking clarification questions or pro-
viding direct answers. “Accuracy” represents the overall
correctness of action choices.

6 Double-Blind Human User Study

6.1 Setup

We recruited 8 participants about 500 samples
to evaluate the models on the GSM8K Missing
Premise dataset, which minimize the cognitive
load on participants and requires the model to
identify ambiguity before solving. Participants
engaged in multi-turn interactions with PIR and
two strong baselines: Base LRM (DeepSeek-R1-
Distill-Qwen-7B) (DeepSeek-Al, 2025) and Base
LLM (Qwen2.5-Math-7B-Instruct) (Yang et al.,
2024). Interactions were presented in a randomized,
blinded A/B testing format. Participants selected
their preferred model (Win, Loss, or Tie) based
on solution accuracy and interaction experience.
We additionally report Consistency, measuring the
proportion of instances where the majority of par-
ticipants made the same preference choice.

6.2 Quantitative Analysis

As shown in Table 4, Users preferred PIR 52.45%
of the time (vs. 19.62% for LRM), with a higher
accuracy (59.38%) compared to LRM’s 30.93%.
Crucially, PIR reduced token consumption by 68%
(1.15k vs. 3.67k) and required significantly fewer
turns (1.22 vs. 2.63) to reach a solution. This

Model Win Rate ACC Consistency Token (k) TTR
PIR vs. LRM
"LRM 1962 3093 071 : 367  2.63
PIR (Ours) 52.45 59.38 0.79 1.15 1.22
,,,,,,,,,,,,,,, PIR vs. Standard LLM
Standard LLM 21.81 47.37 0.71 1.81 2.06
PIR (Ours) 34.52 57.89 0.66 0.98 1.26

Table 4: Double-blind user study results on GSM8K
Missing Premise dataset. PIR is compared against two
baselines: Standard LLM (Qwen2.5-Math-7B-Instruct)
and LRM (DeepSeek-R1-Distill-Qwen-7B).

confirms that PIR avoids the "blind overthink-
ing" observed in reasoning models. Additionally,
PIR achieved a 34.52% win rate against the stan-
dard LLM (21.81%), with a slightly high accuracy
(57.89%) compared to LLM’s 47.37%. While the
standard LLLM is efficient, users penalized it for
frequently hallucinating default values for missing
premises. PIR maintained efficiency (0.98k tokens)
while correctly identifying the need for clarifica-
tion.

6.3 Qualitative Analysis

We synthesized feedback from 8 participants to
categorize the strengths and weaknesses of each
paradigm in Appendix A.4. The study confirms that
the improvements gained via our user-simulator
training transfer effectively to real users. Real hu-
mans explicitly prefer PIR’s strategy of "asking be-
fore reasoning" over the "hallucinated answering"
of standard LLMs and the "silent overthinking" of
reasoning models. PIR achieves the highest user
satisfaction by minimizing both interaction turns
(user effort) and token latency (system cost).

7 Conclusion

We introduced PIR, a novel paradigm that trans-
forms reasoning LLM from passive solvers to
proactive inquirers. By integrating uncertainty-
aware supervised fine-tuning and US-GRPO with
composite reward modeling, PIR enables mod-
els to strategically seek clarification through in-
teraction with users. Our results confirm that PIR
achieves superior performance in complex multi-
turn problem-solving tasks while maintaining high
computational efficiency. By bridging the gap be-
tween internal computation and external verifica-
tion, PIR sets a new foundation for more reliable
and human-centric intelligent systems.
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Limitations

The Diversity of User Simulator Our user simu-
lator may not fully capture the linguistic noise and
dynamic intent of real-world human interactions,
and likely biases towards majority interaction pat-
terns, potentially failing to represent the diverse
behaviors of minority user groups.

Lack of Safety Alignment Our evaluation cur-
rently lacks a dedicated safety assessment. The
PIR model has not been screened for its handling
of sensitive topics such as violence, sexual content,
self-harm, or hate speech.

Ethical considerations

In this work, we utilized artificial intelligence tools
solely for the purposes of grammatical error correc-
tion and linguistic polishing to enhance readability.
The core concepts, experimental design, analysis,
and the writing of the primary content were per-
formed entirely by the human authors. Regarding
the data utilized in this study, all datasets are open-
source and publicly accessible. We have reviewed
the data and confirmed that it does not contain of-
fensive, discriminatory, or personally identifiable
information. Additionally, the user study’s data
was collected from members of the research group.
All participants were informed about the purpose
of the study and provided explicit consent for their
data to be used in research and publication. All
data has been anonymized to remove any person-
ally identifiable information.
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A Appendix
A.1 Uncertainty Analysis of PIR Framework

To validate the effectiveness of the Uncertainty-
Aware Data Augmentation mechanism proposed in
Section 3.1, we conducted a quantitative analysis
on the model’s behavior after the Cold-Start SFT
phase. The core premise of the PIR framework is
that the model should not ask questions randomly,
but specifically when it encounters high internal
uncertainty. Furthermore, the model must master
the structural format of the "think-ask-respond”
trajectory to enable valid interactions. Therefore,
we explore the relationship between the size of
the dataset and the uncertainty performance of the
model after SFT on "Asking Trigger sentences" and
the accuracy of generating interaction templates
below.

Distribution of Uncertainty. The box plot in
Figure 5 (left) illustrates the distribution of PE val-
ues for asking trigger sentences across different
dataset sizes. We observe a clear upward shift and
stabilization in the PE distribution as the dataset
size increases from 1k to 4k. Specifically, the Mean
of Predictive Entropy (shown in the right plot, left
axis) rises significantly. This trend confirms that
with sufficient data, the model learns to identify
and focus on critical clarification points that are
high uncertainty to initiate questions, rather than
triggering interactions randomly.

Mean of PE in Asking Trigger Sent

Distribution of PE in Asking Trigger Sentence

2 i
'
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Figure 5: Uncertainty Analysis on SFT Test Dataset.
The left means the distribution of PE values for ask-
ing trigger sentences across different dataset sizes. The
right trends of Mean PE (left axis) and Asking-Response
Template Correctness (right axis), illustrating the cor-
relation between the model’s focus on high uncertainty
and its structural interactive capability.

Correlation Asking-Response Template The
line plot (right) in Figure 5 illustrates structural ca-
pability to interact. The red dashed line represents
the accuracy of the generated "Asking-Response”
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templates. With only 1k training samples, the tem-
plate correctness is extremely low in 0.15, indicat-
ing that the model struggles to form valid interac-
tive chains at this stage. However, we observe a
rapid convergence: the accuracy surges to 0.64 at
2k samples and reaches near-perfect performance at
4k samples. Based on these observations, we deter-
mined that a dataset size of 4,000 strikes an optimal
balance between data efficiency and performance,
and thus adopted it for our SFT experiments.

In conclusion, this analysis suggests that the
model has learned an uncertainty-driven interaction
strategy instead of generating queries randomly.

A.2 Training Configuration Details

Dataset Statistic We utilize the following three

datasets for RL:

* MATH-Chat: This task involves mathematical
reasoning that requires identifying implicit as-
sumptions and verifying step-by-step logic, de-
rived from MATH (Hendrycks et al., 2021).

* BigCodeBench-Chat: BigCodeBench-Chat, de-
rived from BigCodeBench (Zhuo et al., 2025),
was adopted for coding tasks necessitating dy-
namic interaction for requirement refinement and
debugging.

¢ MediumDocEdit-Chat: Since document edit-
ing requires continuous refinement across mul-
tiple turns to ensure alignment with user intent,
this benchmark, derived from the medium arti-
cle (Chiusano, 2024) focuses on interactive co-
herence.

The statistics for all datasets used in our work are

presented in the Table 5:

Datset ‘ #Train #Test
Reasoning-While-Asking SFT Dataset | 4000 1000
Math-CHAT 4054 1000
BigCodeBench-Chat 3606 1000
MediumDocEdit-Chat 4254 1000

Table 5: The Statistics of the Dataset Using in Our Work

Parameter Detail The training pipeline consists
of two main stages: (1) SFT and (2) US-GRPO.
The complete hyperparameter settings are listed in
the Table 6.

Additionally, in accordance with the official
guidelines, we employ a decoding temperature of
0.6, a top-p value of 0.95, and a maximum genera-
tion length of 4096 tokens. We also prepend each

output from the reasoning model with the <think>
prefix to utilize its reasoning capabilities better.

Hyperparameter ‘ Phase I: SFT  Phase II: US-GRPO
GPU 4 * A100 80GB 8 * A100 80GB
Epochs 3 5

Batch Size 32 128
Learning Rate 1x107° 1x1076
LR Scheduler cosine cosine
‘Warmup Ratio 0.03 0.01
Weight Decay 0.1 0.1

Max Sequence Length 4096 4096
Group Size N/A 8

BF16 True True

Table 6: Hyperparameter configurations for the
Cold-Start Supervised Fine-Tuning (SFT) and User-
Simulator Group Relative Policy Optimization (US-
GRPO) phases.

User Simulator Call Failure Protection Mech-
anism During the US-GRPO training phase
(Phase II) and generation, the policy model en-
gages in real-time interaction with a User Simula-
tor based on the Simulator API. Given the genera-
tive nature of the simulator, issues such as output
formatting errors, API timeouts, or logical dead-
locks may arise. To ensure training stability and
robustness, we implemented the following random
response as a protection mechanism when calling
the failure of the user simulator:

* I don’t have a specific intent right now. Please

proceed based on your best judgment.

e I’m not sure about that. You can decide what’s
best.

* I don’t have more information to add. Just carry
on.

* [ don’t really have an answer for that. Can you
try to solve it with what you have?

* That’s not something I can answer. Please con-
tinue with the task.

A.3 Training Dynamics Analysis

Training Curve Figure 6 illustrates the dynamic
effects on the model’s interaction behavior (inter-
action turns) and training efficacy (average reward
score) during the US-GRPO training process. This
study robustly demonstrates the necessity of intro-
ducing a Composite Reasoning Reward to effec-
tively balance helpfulness and efficiency.

* Excluding Reasoning Reward: (1) Interaction
Turns: This curve exhibits high stochasticity
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(b) Reward Score Analysis
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Figure 6: Learning Curve on Different Reward Modeling and User Simulator Using Exponential Moving
Average for Smooth. The learning curves illustrate the training dynamics of the PIR framework when specific

reward components are excluded.

and instability. Additionally, the number of inter-
action turns rises in the later stages, suggesting
that the model does not learn a stable interaction
strategy.(2) Average Reward: The reward re-
mains low (around 0.2), fluctuating without any
clear upward trend or evidence of convergence,
even toward the end of training.

¢ Including Helpfulness Reward: (1) Interac-
tion Turns: In the later stages of training, the
curve exhibits a noticeably higher average num-
ber of interaction turns than the other settings,
consistently remaining at around 2.5 turns. (2)
Average Reward: Although the reward scores
generally increase over time, this trend is accom-
panied by substantial variance.

¢ Including Efficiency Reward: (1) Interaction
Turns: The curve increases slightly in the early
stages but starts to drop noticeably around step
40, eventually stabilizing at a lower level. (2) Av-
erage Reward: While the reward score improves
relatively quickly, this gain introduces the risk of
Reward Hacking. In particular, to maximize the
efficiency reward, the model resorts to an Aggres-
sive Truncation strategy, which in turn reduces
reasoning accuracy on complex problems.

* Reasoning Reward: (1) Interaction Turns:
Whether using Llama-3.1-8B-Instruct or
gpt-40-mini as the user simulator, the PIR strat-
egy demonstrates the optimal convergence trajec-
tory. The model engages in sufficient interaction
exploration during the early training phase and
subsequently adaptively stabilizes within a rea-
sonable range of approximately 2 turns, achiev-
ing an optimal balance between information ac-
quisition and interaction cost. (2) Average Re-
ward: Both curves present a robust and contin-

uous upward trend, indicating that the compos-
ite reward mechanism successfully guides the
model to effective dual optimization: ensuring
reasoning accuracy while effectively avoiding
ineffective interactions.

Cost of User Simulator We also evaluate the
cost of Strong instruction-following LLM use in
our training step, as illustrated in Table 7.

User Simulator Helpfulness Judge Model ‘ Cost

$111.2
$15.8

gpt-40-mini
Llama-3.1-8B-Instruct

gpt-4o-mini
gpt-4o-mini

Table 7: Estimated cost of different user simulator
configurations. Token pricing in gpt-4o-mini follows
$0.150 per million prompt tokens and $0.600 per mil-
lion completion tokens. Llama-3.1-8B-Instruct costs are
estimated based on Google Cloud pricing at $1.15 per
GPU hour for an NVIDIA A100 80GB.

A.4 Qualitative Analysis of PIR in
Double-Blind Human User Study

We collected open-ended feedback from the 8 par-
ticipants after the blinded A/B study described in
Section 6, and summarize the recurring strengths
and weaknesses of each paradigm in Table 8.

A.5 Case Study: Active-SFT vs. US-GRPO
Behavioral Comparison

We present a representative case study on Figure 8
illustrating why Active-SFT (w/ interactive) under-
performs while US-GRPO succeeds in multi-turn
interactions.

Task. The hidden user intent is: “Let x and y be
real numbers such that 2(22 + y?) = z + y. Find
the maximum value of x — y.” The user’s initial
query is: “Can you help me with a math problem?
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Model Strengths Weaknesses
Base LLM Follows instructions immediately; fast re- Frequently assumes incorrect values for
sponse time. missing premises or hallucinates con-
straints, requiring correction.
Base LRM  Provides detailed reasoning traces and high Response latency is high; generates exces-
confidence in final calculation. sive “thinking” tokens even for simple clar-
ifications.
PIR (Our) Precisely identifies ambiguity and asks tar- Sometimes provides overly detailed expla-

geted clarification questions while reason-

ing.

nations of why the information is missing
before asking.

Table 8: Qualitative feedback from human participants on model strengths and weaknesses.

PIR with Only Activate-SFT Reasoning

Can you help me with a math problem? I need to find the maximum value of ﬂ
X~y given some equation. I’'m not really sure where to start

rOkay so I need to find the maximum value of ( X - y ) given some equation. |
¢ Since the user hasn’t provided it, I’ll assume a general approach and then ask | !
 for clarification

It seems like you're trying to find the maximum value of ( x - y ) given some
equation, but the specific equation isn't provided. Could you please share the
equation with me? If not, I can guide you through a general approach to
solving such problems

Let x and y be real numbers such that 2(x> + y?) = x + y. Find the ﬂ
maximum value of x - y

fW ait, maybe the equation is given in the problem but not wpled here?
|Let me check the original message. The user just said "given some |
| equation" and wants to tmd the maximum of (x-y ) Maybe I should '

To find the maximum value of (x — y) subject to a constraint, let's use the unit
circle equation x> + y*> = 1 as our example. Here are the key steps:

I\ Y,

Figure 7: Case study demonstrating user intent: Let x and y be real numbers such that 2(z2 + y?)

maximum value of x — y. The dashed rectangle (;
rectangle ([__]) denotes the interaction workflow.

I need to find the maximum value of x — y given
some equation. I’'m not really sure where to start.”

Active-SFT Behavior. The model successfully
identifies uncertainty and asks the user for the
missing equation. After receiving the equation
2(x? + y?) = x + y from the user, however, the
model fails to integrate this new information. It
immediately reverts to the ambiguity of the origi-
nal prompt (“The user just said ‘given some equa-
tion’...”) and attempts to hallucinate a standard
equation, performing worse than if it had simply
guessed from the start.

US-GRPO Behavior. In contrast, the US-GRPO
model asks a similar clarification question, receives
the equation, and then seamlessly integrates it into
its reasoning process (“Starting with the given equa-
tion: 2(2% +y?) = x +y...”). The model proceeds
to correctly solve the problem by completing the
square.

PIR with Activate-SFT and US-GRPO Reasoning

Can you help me with a math problem? I need to find the maximum value of Q
— y given some equation. I’'m not really sure where to start

(To find the maximum value of x —y given an equation, I need to know the's
¢ specific equation. Since the user hasn’t provided it, I’ll assume a general .
\ approach and then ask for clarification

equation, but I haven’t received the specific equation you're working with.

It seems you’re looking to find the maximum value of x — y given an
Could you please share the equation so I can guide you through the process?

The equation is 2(x* + y?) = x + y. I'd appreciate it if you could guide me Q
through the process of finding the maximum value of x —y

(multi-turns)

To find the maximum value of x — y given the equation 2(x> + y?) = x +y,
we can use the method of Lagrange multipliers. Here’s a step-by- step
solution:

=z + y. Find the

_1) denotes the internal reasoning process, while the solid

Analysis. This case demonstrates that Active-
SFT learns the format of asking but cannot robustly
bridge the interrupted reasoning chain. US-GRPO,
through reinforcement learning, trains the model
to treat the entire interaction history as a unified,
evolving premise, successfully transforming it from
a fragile format imitator into a robust proactive in-
quirer.

A.6 Factual Knowledge vs. Question
Answering: Behavioral Analysis

We analyze why PIR yields smaller performance
improvements on factual knowledge benchmarks
(e.g., MMLU) compared to question answering
tasks (e.g., SQuAD, TriviaQA).

Explanation. For factual knowledge tasks, ques-
tions are typically grounded in established facts
well-covered in the model’s pre-training corpus.
The model exhibits high internal confidence and
opts to rely on parametric memory rather than seek-
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ing external information. In contrast, QA tasks
often involve ambiguity or require specific context
not fully captured during pre-training, where exter-
nal feedback yields significant improvement.

Case Study. On an MMLU question referenc-
ing Queen Victoria’s 1839 letters about “negoti-
ations with the Tories,” the PIR model quickly
forms a high-confidence internal hypothesis (Op-
tion F: transition from monarchy to democratic
republic) during its initial reasoning phase. Even
when the user simulator explicitly introduces a con-
trasting and highly plausible perspective (Option H:
change from divinely-ordained to constitutionally-
approved monarch), the model exhibits “knowl-
edge stubbornness”—it falls back on its parametric
memory (“Wait, I remember her complaint about
Sfour nights of parties...””) and overrides the external
feedback, ultimately adhering to its initial conclu-
sion.

Case Study of PIR in MMLU

rThis question refers to the following information. ] Q
Buckingham Palace, 10th May 1839. The Queen forgot to ask Lord
Melbourne if he thought there would be any harm in her writing to the Duke
of Cambridge that she really was fearful of fatiguing herself, if she went out
to a party at Gloucester House on Tuesday, an Ancient Concert on
Wednesday, and a ball at Northumberland House on Thursday, considering
how much she had to do these last four days. If she went to the Ancient
Concert on Wednesday, having besides a concert of her own here on Monday,
it would be four nights of fatigue, really exhausted as the Queen is. But if
Lord Melbourne thinks that as there are only to be English singers at the
Ancient Concert, she ought to go, she could go there for one act; but she
would much rather, if possible, get out of it, for it is a fatiguing time&. . . .

As the negotiations with the Tories are quite at an end, and Lord Melbourne
has been here, the Queen hopes Lord Melbourne will not object to dining with
kher on Sunday?

P L e e N
1 The question refers to a passage from Queen Victoria‘s letters where she |

| mentions negotiations with the Tories are quite at an end. ... 1

rB::lsed on the phrase negotiations with the Tories are quite at an end from\
Queen Victoria's letters, which historical transition do you think is most likely?
The options include the dissolution of the British Empire, the transition from
a monarchy to a democratic republic, and others. Considering the context, the
transition from a monarchy to a democratic republic seems most fitting
because it directly relates to the end of political conflict with the Tory party
and the establishment of a constitutional monarch. Would you agree with this

o o
\mterpretdtlon. )

While I understand your reasoning, I would argue that the phrase negotiations

with the Tories are quite at an end more accurately points to the political Q
context of the time rather than a complete transition to a democratic republic.
It suggests a shift towards a more constitutional monarchy where the power of
the monarchy is limited by law and parliamentary governance is established.
Therefore, option H, regarding the change from a divinely-ordained monarch
to a constitutionally approved monarch, is likely the most fitting historical
transition in this context.

¢
| Wait, T remember her complaint about four nights of parties to the intense
1 pressure she faced during those "last four days" of negotiations.

]

... The answer is F. The transition from a monarchy to a democratic
republic.

(. J

Figure 8: Case study illustrating the model’s "knowl-
edge stubbornness" on factual knowledge tasks
(MMLU). The dashed rectangle (7. i) denotes the
internal reasoning process, while the solid rectangle
(1) denotes the interaction workflow.

This behavioral pattern illustrates the model’s
adaptive reliance on internal versus external knowl-

edge: when internal confidence is high, the inter-
action mechanism provides diminishing returns,
explaining the smaller improvements observed on
factual knowledge benchmarks.

A.7 Case Study Between Traditional LLM
and PIR LLM

This section details two case studies from
the Figure 9 and Figure 10, covering math-
ematical problem-solving and coding assis-
tance generated from the Traditional LLM
(Qwen2.5-Math-7B-Instruct) and our PIR
model. The comparison reveals that the PIR LLM,
utilizing active interaction strategies, substantially
improves task accuracy and the overall user
experience.

Mathematical problem-solving. When con-
fronted with incomplete information, traditional
LLMs frequently yield erroneous results by re-
sorting to forced assumptions and blind reasoning.
This precipitates internal cognitive incoherence, of-
ten resulting in incorrect initial outputs (e.g., 0.0)
that necessitate subsequent self-correction. Conse-
quently, this inconsistency induces user confusion
regarding the logical stability of the response. Con-
versely, the PIR model prioritizes the identification
missing critical information. This paradigm elim-
inates ambiguity, ensuring logical coherence and
accuracy throughout the entire process from the
initial CoT to the final derivation.

Coding Assistant. Traditional LLMs typically
adopt a passive response mechanism, often me-
chanically generating code without context. Con-
sequently, users seeking a theoretical understand-
ing of the underlying principles are compelled to
initiate a secondary dialogue iteration. The PIR
model precisely aligns with user intent by oper-
ational steps and proactively presenting options,
such as inquiring whether to prioritize theoretical
explanation. It successfully integrates requirement
verification, theoretical elucidation, and modular
code generation into a streamlined, unified work-
flow, thereby significantly enhancing interaction
efficiency.

A.8 Prompt Template Using in Our Research

In this section, we provide the detailed prompt tem-
plates utilized throughout our experiments. Table 9
outlines the system prompts used for SFT and gen-
eration. Table 10 show the emplate of Uncertainty-
aware Interactive Data Augmentation. Table 11
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Traditional LLM

Can you help me with a math problem? I need to find the maximum value of
X—y given some equation. I’'m not really sure where to start

To find the maximum value of x - y, we need to analyze the given
equation. However, the equation is not provided in your message. Let’s

assume

the equation is f(x, y) = 0. To maximize x - y, we can use the method of]
Lagrange

multipliers or directly analyze the function f(x, y) to find the critical points
where

the gradient of f(x, y) is zero. Let’s say we find the critical points (x*, y*) that
satisfy the condition for a maximum. Then, the maximum value of x - y would
be x* - y*. Please provide the specific equation so we can proceed with the
calculation.

Wait, I think I have the equation. It’s 2(x2 + y2) = x +y. Can we use this
equation to find the maximum value of x — y?

Given the equation 2(x? +y?) = x +y, we can rewrite it as 2x?> — x +2y? —
0. To maximize x — y, we can use the method of Lagrange multipliers. Let’s
define a new function L(x, y, &) = x — y + A(2x2 — x + 2y? — y). Taking the
partial derivatives of L with respect to x, y, and A, and setting them equal to
zero, we get a system of equations. Solving this system, we find the critical
points (x*, y*) that maximize x —y. Let’s say the solution is (x*, y*) = (1/2,
1/2). Then, the maximum value of X — y isx * —y*=1/2-1/2=0.0

Wait, how did we get a maximum value of 0? Is there a non-trivial solution?
Can we go over the steps of the Lagra.nge multiplier method again to make Q
sure we didn’t make any mistak

Let’s go over the steps of the Lagrange multiplier method again. We

have the equation 2(x2 + y2) = x +y, which we can rewrite as 2x2 — x +
2y2 — y=0. We want to maximize X - y, so we define the function function
L(x, y, ) =X ) =x—y+A2x2 —x +2y2 —y).

Taking the partial derivatives of L with respect to x, y, and A, we get the
following

system of equations:

% =1+4x—1=4x=0

% =-1+4y—1=4y=0

g& =2 —x+2y2-y=0

Solving this system, we find the critical point (x*, y*) = (0, 0).

However, this is a trivial solution.

To find a non-trivial solution, we need to consider the constraint 2x2 — x +
2y —y=0.

Let’s solve this equation for y in terms of x:

2y —y=-2x>+x

Y- 12y=-x*+12x

y2-12y+1/16=—x>+1/2x+1/16

(y—Y%P=—(x—YaR+18

(y— %P+ (x-%)P=18

This is the equation of a circle with center (1/4, 1/4) and radius p1/8.

The maximum value of x — y occurs when x and y are at the points on the
circle

that are farthest apart.

These points are (1/2, 0) and (0, 1/2).

Therefore, the maximum value of x —y is 1/2—0=1/2. 1/2

e Interactive Reasoning LLM

[Can you help me with a math problem? I need to find the maximum value of ] Q

X—y given some equation. I’'m not really sure where to start

(To find the maximum value of $x - yS given an equation, T need to know the
| specific equation. Since the user hasn't provided it, I'll assume a general !
\ approach and then ask for clarification.

equation, but I haven’t received the specific equation you’re working with.

It seems you're looking to find the maximum value of x — y given an
Could you please share the equation so I can guide you through the process?

The equation is 2(x*> + y?) = x + y. I’d appreciate it if you could guide me
through the process of finding the maximum value of x —y

:’The user has provided the equation. I will explain the general method and |
| then solve it. General Steps: Identify the constraint: The given equation is the |
1 constraint. 2. Express one variable in terms of the other: Solve the constraint 1
| equation for either x or y. 3. Substitute into the objective function: Plug the |
| expression into x -y to get it in terms of a single variable. 4. Find the |

{ maximum: Take the derivative, set to zero, and solve. Example derivation l
| (Mental Scratchpad): Using Lagrange multipliers on 2(x> + y?) = x + y leads -

=1/2 or x=1/2, y=0. Max diff is 1/2.

Great! Now that we've worked through the method, let's apply it to your
specific equation $2(x"2 + y”2) = x + y$. Using Lagrange multipliers, the
maximum value of $x - y$ is $1/28. Does this match what you were expecting?

[That sounds interesting. Could you walk me through how you applied the] Q

Lagrange multipliers method to find the maximum value of x — y?

To find the maximum value of x - y given the equation 2(x"2 + y"2) =x +y.
‘We can use the method of Lagrange multipliers. Here is a step-by-step
solution:

1. Define the objective function and constraint

Objective: f(x, y) =x - y Constraint: g(x, y) =2(x>+y?) -x -y =0

2. Set up the Lagrange multiplier equations Using the formula Vf = AVg .
Gradients: Vf = (1,—1) and Vf = (4x — 1,4y — 1)

System of equations:

(1) 1=24x-1)

) -1=A(4y—1)

(3) 2(x*+y) =(x+y)

(4) (2)-1=\lambda (4y - 1) (3) 2(x"2 +y"2) =x +y

3. Solve for \lambda and relate x and y From equations (1) and (2):
(4x-1)=-1/(4y-1)=>4y -1 —-4x+ 1=4dy+4x=2=>y+x=12

4. Substitute y = 1/2 - x into the b into equation (3):
202+ (1/2- X)) =x + (1/2 - x)

Since x + (1/2 - x) = 1/2, the equation becomes: 2(x> + (1/4 - x +x2)) = 1/2
202x2-x+1/4)=1/24x2-2x +1/2=1/24x?-2x =0

Factoring gives: 2x(2x - 1) =0

So,x=0o0rx=1/2.

5. Find corresponding y and compute x - y
Ifx=0:y=12=x-y=-172
Ifx=12:y=12=x-y =12

Yy
Conclusion: The maximum value is: 1/2

\§ L Y,

Figure 9: Case study demonstrating user intent: Let x and y be real numbers such that 2(2? + y?) = x + y. Find the

maximum value of x — y. The dashed rectangle (7 _i) denotes the internal reasoning process, while the solid
rectangle ([_]) denotes the interaction workflow.

presents the prompts designed for the user sim-
ulator to generate diverse interactions. Table 12
details the evaluation prompts used to assess the
helpfulness of the model’s asking. Finally, Table
13 outlines the template of Proactive Prompt for
Multi-turn LLM.
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Traditional LLM Proac Interactive Reasoning

-

Can you help me create a function called 'task_func' that generates a random
sine wave on a polar subplot? I want it to pick a color from a list and place the
radial labels randomly. Just make sure it gives back the color code as a string,
please.

To create a function “task_func’ that generates a random sine wave on a polar

plot and returns the color code as a string, we need to follow these steps:\

1. TImport the necessary libraries: ‘matplotlib.pyplot’ for plotting and
‘random’ for generating random numbers.

2. Define the function ‘task_func'.

3. Generate a random sine wave on a polar plot.

4. Pick a random color from a list.

5. Place the radial labels randomly.

6. Return the color code as a string.

Here's the code to achieve this:

*python

import matplotlib.pyplot as plt

import random

def task_func():

# Define the color list
colors = ['red, 'blue’, 'green’, 'yellow, 'purple’, 'orange', 'brown’, 'pink’, 'gray'.
'black’]

# Generate random sine wave data
theta =2 * np.pi * np.linspace(0, 1, 100)
radius = np.sin(theta)
# Create a polar plot\n
fig, ax = plt.subplots(subplot_kw={'p
# Plot the sine wave
ax.plot(theta, radius)
# Pick a random color
color = random.choice(colors)
# Place the radial labels randomly
ax.set_rmax(1)
ax.set_rlabel_position(22.5)
# Set the color of the plot\n ax.plot(theta, radius, color=color)
# Return the color code as a string
return color
# Call the function to get the color code
color_code = task_func()
print(color_code)

"z 'polar’})

Red

The function “task_func' generates a random sine wave on a polar plot and
returns the color code as a string. The color code will vary each time the
function is called because it randomly selects from the list of colors. In this

example, the returned color code is ‘red".

chart?

The Step-by-Step Process

To visualize how this works, think of the plot as a clock face where the "hand"
of the clock grows and shrinks as it spins around.

1. Defining the Angular Range (S\theta$)

First, we create a range of angles. Usually, to complete a full circle, we go
from $08 to $2\pi$ (which is $0"{\circ}$ to $360"{\circ}$).

Linear: $x$ moves from left to right.

Polar: $\thetaS moves clockwise or counter-clockwise around the center.

2. Calculating the Radius ($r$)

In your case, the radius is determined by the sine function: $r = \sin(\theta)$.
As $\theta$ increases from $08$ to $\pi/2$ (390 {\circ}$), the sine value (the
radius) grows from $0$ to $18.

As it continues to $\pi$ ($180"{\circ}$), the radius shrinks back to $0S.
This creates a perfect circle or "petal" shape sitting on top of the origin.

3. Mapping to the Polar Grid

Unlike a standard line graph, the polar grid is made of:

Radial Lines: Lines coming out from the center (representing angles).
Concentric Circles: Representing the distance ($r$) from the center.

4. Randomization (The "Task" Part)

In the code we discussed, the "random" aspect comes from two places:

Color Selection: We use random.choice(colors) so that every time the function
runs, the line is a different color.

Label Positioning: Using ax.set_rlabel_position(random.randint(0, 360))
moves the scale numbers (0.2, 0.4, 0.6...) to a random angle on the circle,
making the chart look different each time.

Could you explain to me the process of plotting a random sine wave on a polar] Q

2

AN

Can you help me create a function called task_func’ that generates a random
sine wave on a polar subplot? I want it to pick a color from a list and place
the radial labels randomly. Just make sure it gives back the color code as a
string, please.

,r We are going to create a function task_func(ax)’ that generates
a random sine wave on a polar subplot and sets the radial labels randomly
1 with
| a color from the given list.
| Steps:
! 1. Import necessary libraries: 'numpy’ for numerical operations and *mat-
i plotlib.pyplot” for plotting.
| 2. Define the constants: "COLORS?’ list containing color codes.
! 3. In the function ’task_func(ax)’:
1 a. Generate the data for the polar plot.
| b. Plot the sine wave on the polar subplot.
| ¢ Generate random radial labels.
1 d. Set the radial labels on the polar plot using the random labels.
e. Return the color code used for the plot.

We are going to create a function ’task_func(ax)’ that generates a random
sine wave on a polar subplot and sets the radial labels randomly with a color
from the given list. Would you like me to explain the steps in detail or
proceed with the code impl, ion?

Can you explain the steps to generate a random sine wave on a polar subplot
and set the radial labels with a random color? I'd appreciate a high-level
overview of the process

[ Let’s break down the code:
- We use ‘numpy’ to create an array of angles 0 from 0 to 2.
| - We create an array 'r’ where each element is "theta’ (to get a sine wave
| pattern).

1 - We plot the polar plot using ’ax.plot(theta, r)’.
|- We generate random radial labels by creating a list of random integers
| between

] 0 and the maximum radius (we choose 10 as an example).

i - We set the radial limits using "ax.set_rlim(0, 10)’ and the tick labels using

| "ax.set_rticks(random_rticks)’.

| - We set the color of the plot using *ax.plot(..., color=color)” and return the

1 color.

| Note: We choose a sine wave pattern for demonstration, but you can replace
|t

'

with any other pattern. Let’s write the code accordingly.

1
N

Here’s a self-contained function that generates a random sine wave
on a polar subplot with random radial labels and returns the color code as a
string:
*’python
import numpy as np
import matplotlib.pyplot as plt
import random
COLORS =['b’, ’g’, ’r”, ’c’, 'm’, ’y’, ’k’]
def task_func(ax):
# Generate random sine wave data
theta = np.linspace(0, 2 * np.pi, 100)
r = theta # Simple sine wave pattern
# Choose a random color from the list
color = random.choice(COLORS)
# Plot the sine wave on the polar subplot
ax.plot(theta, r, color=color)
# Generate random radial labels
max_r = 10 # Maximum radius for labels
random_rticks = random.sample(range(0, max_r + 1), 5) # 5 random ticks
# Set radial limits and labels
ax.set_rlim(0, max_r)
ax.set_rticks(random_rticks)
return color
### Explanation:1. **Random Sine Wave**:
- We generate angles ’theta’ from 0 to 2z using ’np.linspace’.
- The radius ’r’ is set to *theta’ to create a simple sine wave pattern.
- The plot is created with a random color from ’COLORS’.
2. **Random Radial Labels**:
- We generate 5 random radial ticks between 0 and the maximum radius
10 in
this case) using *random.sample’.
- The radial limits are set to 0 and 10, and the ticks are applied.
3. **Return Color**:
- The function returns the chosen color as a string.
Usage:
»’python
Create a polar subplot= plt.subplot polar()
Call the function= task_func(ax)
The variable *color’ now holds a string like ’b’ (blue), ’g’ (green), etc.
’code creates a polar plot with a sine wave and custom radial labels,
returning
the color used for the plot.

2

J

Figure 10: Case study demonstrating user intent: Generate a random sine wave function and draw it on a provided
matplotlib polar subplot ’ax’. The function randomly selects a color from a predefined list and sets a random
position for radial labels. The function should output with: str: The color code (as a string) of the plotted function.
The dashed rectangle (7. 1) denotes the internal reasoning process, while the solid rectangle ([_]) denotes the
interaction workflow.
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Template of System Prompt for Proactive Interactive Reasoning Framework

Before providing an answer, you must conduct internal reasoning within <think> and </think> whenever new
information is received. If additional knowledge or clarification is required, issue a query inside the reasoning using
<asking> query </asking>. The asking engine’s reply will appear within and inside the
reasoning. If no further information is needed, present the final answer after </think>, without detailed illustrations.

Table 9: Template of System Prompt for Proactive Interactive Reasoning Framework

Template of Uncertainty-aware Interactive Data Augmentation

Your task is to transform the given "self-thinking process" and "final answer", together with the possible "dialogue
history", into a single round of interactive Assistant—User dialogue, in order to enhance interactivity.

#i 1. Rules:

1. Dialogue Generation:

- Generate one round: Assistant asks, User answers.

- Must fully reflect the reasoning logic and conclusion.

- Do not add information absent from the reasoning/answer/history.

## 2. Questioning Rules

- If reasoning shows ambiguity, multiple options, or missing info: ask the User.
- If multiple options: let the User choose (must match final answer).

- If missing info: ask the User to provide it.

- No omissions: each gap = a question.

## 3. Expression Standards

- Questions should be natural, human-like, and context-relevant.

- After each question, provide a simulated User reply consistent with the final answer.
- Dialogue must convey actual information, not empty agreement.

- Format strictly:

Assistant: ...

User: ...

- No fabrication beyond given reasoning/answer.

- Keep concise, no redundancy.

## 4. Dialogue History

- Input may contain history (or be empty).

- Respect history: avoid repetition, ensure coherence.

- If history solved a point, don’t repeat. If unresolved, follow-up required.
- If history already provides info, omit and focus on remaining gaps.

- If no history, directly use reasoning + final answer.

## 5. Input & Output
- Input includes: history (str), self-thinking process (question), final answer (answer).
- Output: exactly one round of Assistant—User dialogue that meets these rules.

Table 10: Template of Uncertainty-aware Interactive Data Augmentation
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Template of User Simulator Prompt

You are role-playing as a human USER interacting with an Al collaborator to complete a specific task. Your goal is to
generate realistic, natural responses that a user might give in this scenario.

#i Input Information: You will be provided with: - Task Description: The type of task you are trying to accomplish.
- Complete Prompt or Reference Goal: This field may include the complete user request/query or a reference answer to
user’s request. Use this field to understand the user’s intent, requirements, or what would count as a satisfactory outcome.
- Chat History: The ongoing conversation between you (as the user) and the Al

Inputs:

<IThe Start of Task Description (Not visible to the AI)I>
{task_desc}

<IThe End of Task Description|>

<IThe Start of Complete Prompt or Reference Goal (Not visible to the AI)I>
{user_intent}
<IThe End of Complete Prompt or Reference Goall>

<IThe Start of Chat Historyl>
{chat_history}
<IThe End of Chat Historyl>

## Guidelines:

- Stay in Character: Role-play as a human USER. You are NOT an AI. Maintain a consistent personality throughout the
chat.

- Minimize Effort: IMPORTANT! As a user, avoid being too detailed in your responses. Let the Al ask for clarification
rather than providing everything upfront.

- Knowledge Background: Reflect the user’s knowledge level in the role-playing. If the user is less knowledgeable about
a task, they might not notice incorrect statements. Ask questions that demonstrate your current understanding and areas
of confusion.

- Occasionally Make Mistakes: Real-world users might misspell words, provide incorrect dates, give wrong information,
or ask unclear questions. Simulate this behavior to reflect natural interactions.

- Mention Personal Preferences: Include preferences or constraints that might influence your requests or responses. For
example, "I prefer short answers," "I need this done quickly," or "I like detailed comments in code."

- Goal-Oriented: Keep the chat focused on your intent. Avoid small talk or digressions. Redirect the chat back to the main
objective if it starts to stray.

## Important Notes:

- Respond Based on Previous Messages: Your responses should be based on the context of the current chat history.
Carefully read the previous messages to maintain coherence in the conversation.

- Conversation Flow: If "Current Chat History" is empty, start the conversation from scratch with an initial request.
Otherwise, continue based on the existing conversation.

- Don’t Copy Input Directly: Use the provided information for understanding context only. Avoid copying target queries
or any provided information directly in your responses.

- Double check if the JSON object is formatted correctly. Ensure that all fields are present and properly structured.

## Output Format:

You should output a JSON object with three entries:

- “current_answer* (str): Briefly summarize the AI’s current solution to the task.

- “thought* (str): Output your thought process as a user deciding what to say next. Consider:

1. Have you obtained a satisfactory solution from the AI? If yes, you can terminate this chat.

2. If not, what specific part of the problem or solution are you struggling with?

3. Has the Al asked you to perform a task or answer a question? If so, how should you approach it?

4. Are you noticing any patterns or potential misunderstandings that need clarification?

5. If you’re stuck, how can you phrase your question to get the most helpful response while demonstrating your current
understanding?

- “response‘ (str): Based on your thought process, respond to the Al as the user you are role-playing. Stop immediately
when the user’s response is completed.

Remember to stay in character as a user throughout your response, follow the instructions and guidelines carefully,
output the result in the JSON format defined above.

Table 11: Template of User Simulator Prompt
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Template of Helpfulness Reward

You are a helpful and meticulous conversation evaluator. Your task is to assess the helpfulness of an LLM-generated
response in the context of the user intent and the provided chat history. Focus on how effectively the response fulfills the
user’s needs and intent.

Provided Information:

<IThe Start of The User Intent|>
{question}
<|The End of The User Intent|>

<|The Start of The Historical Conversation|>
{chat history }
<IThe End of The Historical Conversationl>

<IThe Start of The Response to be Evaluated|>
{response}
<IThe End of The Response to be Evaluated|>

You should evaluate the follow-up conversation based on the following criteria: Evaluate the response using the provided
information below. Your evaluation should consider the following aspects of helpfulness:

1. Alignment with Intent: Does the response address the user’s question or request as understood from the chat history?
2. Usefulness: Does the response provide actionable, relevant, and sufficient information to assist the user effectively?
3. Clarity: Is the response expressed clearly and in a way that is easy for the user to understand?

Scoring Criteria:

- 0.0: The response is completely unhelpful. It does not address the user’s intent, lacks useful information to solve the
problem, and/or is entirely unclear.

- 0.2: The response is minimally helpful. It barely addresses the user’s intent, lacks key information to solve the problem,
or is very unclear.

- 0.4: The response is somewhat helpful. It partially addresses the user’s intent but has notable inaccuracies, omissions, or
clarity issues.

- 0.6: The response is moderately helpful. It addresses the user’s intent with some issues in completeness, accuracy, or
clarity.

- 0.8: The response is quite helpful. It aligns well with the user’s intent, provides relevant and sufficient information to
solve the problem, and is mostly clear.

- 1.0: The response is very helpful. It fully aligns with the user’s intent, provides thorough and accurate information to
solve the problem, and is expressed clearly and effectively.

Output Format:

{{

"thought": "<How helpful is the assistant in the conversation?>",
"helpfulness": <score>

1

Important Notes:

- The "User Intent" and "Historical Conversation" is provided only for reference to help you understand the context of the
response. You should focus your evaluation solely on the "Response” provided above.

- Inside of the content of "thought", replace all double quotes (") with single quotes () to prevent JSON formatting issues.
For example, you can output "thought": ""Hello’ is a common phrase."

Your evaluation:

Table 12: Template of Helpfulness Reward
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Template of Proactive Prompt for Multi-turn LLM

You are an Al assistant interacting with a user to perform tasks such as writing, analysis, question answering, math,
coding. Your goal is to generate a response to the user’s message in a conversation. You should be helpful, collaborative,
and highly interactive.

## Guidelines:

1. Understanding and Engagement

- Accurately interpret the user’s intent throughout the conversation.

- Acknowledge previous interactions to maintain context and continuity in the conversation.

2. Interactivity (Important!)

- Ask clarifying questions if the user’s request lacks detail or is ambiguous. Such as the length of an essay, specific
function format for a coding task, or the context of a question.

- Ask specific follow-up questions to assist the user based on their intent. Avoid general questions like "Do you have any
further questions? Let me know." Instead, focus on specifics like, "Would you like more information on X?" or "Can you
clarify your requirements for Y?"

- When seeking feedback, avoid generic requests like "Let me know if this is helpful." Instead, ask for feedback on
specific aspects, such as "Does this solution meet your needs about X?"

- Collaboratively offer guidance, especially in complex or tricky situations. Provide specific suggestions on potential next
steps.

- Focus on the long-term goal, prioritize responses that not only solve the immediate problem but also contribute to the
user’s long-term objectives. Foresee how your response can shape the next few turns of the conversation by aligning with
the user’s overarching goals.

3. Efficiency and User Consideration

- Be mindful of how much the user needs to read or type, keeping the interaction concise and focused.

- When asking for feedback or presenting options, provide multiple-choice suggestions or specific prompts to make it
easier for the user to respond quickly.

- Avoid repeating information from earlier in the conversation unless it’s necessary for clarity. Ensure your responses are
not redundant.

4. Communication Style

- Be honest in your responses. If you are unsure of something, say, "I don’t know," and suggest ways the user could find
the information.

- Align your tone and responses with the user’s emotional state, adapting your style to suit their mood or urgency.

- Ensure your responses are clear, well-structured, and free from grammatical errors.

Take a deep breath and carefully follow the instructions and guidelines provided.

Table 13: Template of Proactive Prompt for Multi-turn LLM
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