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Abstract

Customer service chatbots are increasingly ex-
pected to serve not merely as reactive support
tools for users, but as strategic interfaces for
harvesting high-value information and busi-
ness intelligence. In response, we make three
main contributions. 1) We introduce and define
a novel task of Proactive Information Prob-
ing, which optimizes when to probe users for
pre-specified target information while minimiz-
ing conversation turns and user friction. 2)
We propose PROCHATIP, a proactive chatbot
framework featuring a specialized conversa-
tion strategy module trained to master the deli-
cate timing of probes. 3) Experiments demon-
strate that PROCHATIP significantly outper-
forms baselines, exhibiting superior capability
in both information probing and service qual-
ity. We believe that our work effectively rede-
fines the commercial utility of chatbots, posi-
tioning them as scalable, cost-effective engines
for proactive business intelligence. Our code
is available at https://github.com/SCUNLP/
PROCHATIP.

1 Introduction

Al chatbots for customer service have long pro-
vided a fast and efficient solution for handling user
inquiries (Nicolescu and Tudorache, 2022; Adam
et al., 2021), often simultaneously tasked with so-
liciting user feedback to improve service quality
(e.g., Is this answer helpful?) (SchloB et al., 2024;
Mashaabi et al., 2022). In the era of Large Lan-
guage Models (LLMs), these Al chatbots are evolv-
ing from simple reactive tools into proactive as-
sistants capable of steering conversations toward
specific objectives (Deng et al., 2025, 2024). This
technological leap is fundamentally reshaping the
functional role of customer service chatbots, trans-
forming them into strategic bridges for business in-
telligence: Beyond traditional service assessments,
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Conversation History
@ User: What's the current price of iron ore today?
=) Chatbot: For 62% grade iron ore, it's ~$108.35/ton.
For 65% grade, it's about $119.6/ton.
@ User: Why is it still rising? The inventory situation
doesn't look good.

Conventional Customer Service Chatbot

=) Chatbot: Actually, prices have been quite volatile
recently.
@ User: Okay, understood.

Chatbot with Proactive Information Probing

=) Chatbot: Actually, prices have been quite volatile

recently. Sounds like you follow the market. Have | Prob

you been tracking inventory levels closely? Info.
@ User: Yeah, it feels like there's a serious backlog. |Obtain

Market sentiment is poor, consumption is slow. Info.

=) Chatbot: Understood. Thank you for sharing that.

Figure 1: Illustration of proactive information prob-
ing. The chatbot gathers critical market information
during routine service interactions, functioning as a cost-
effective way for business intelligence.

modern chatbots possess the potential to probe and
gather critical user-side information (Behr et al.,
2012; Oudejans, 2018; Jacobsen et al., 2025). Tak-
ing Figure 1 for example, a chatbot for a commod-
ity exchange could proactively query users about
market conditions (e.g., Have you been tracking
inventory levels closely?) to refine its own pricing
models via crowdsourcing (Ridzuan et al., 2024;
Sarstedt et al., 2014). Therefore, this role shift to-
wards proactive information probing enables com-
panies to harvest high-value business information
directly from users in a cost-effective manner, un-
locking new value in customer interactions.

In the era of LLMs, while current customer ser-
vice chatbots can successfully handle diverse user
inquiries (Hong et al., 2025b; Jiang et al., 2025),
they remain largely reactive, lacking the mecha-
nisms for proactive information probing. To bridge
this gap, we propose a novel task: Proactive In-
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formation Probing. Since users prioritize their
own inquiries, they are likely to reject or ignore
chatbot probes that appear intrusive or contextually
irrelevant. While an chatbot can attempt to re-ask,
doing so increases dialogue length and potentially
harms the user experience (Singh and Rios, 2022).
Therefore, the core challenge of our task lies in bal-
ancing information probing with user satisfaction:
when to probe users within multi-turn dialogues
so as to maximize information gathering while
minimizing conversation turns and user friction.

To this end, we propose PROCHATIP(PROactive
CHATbot for Information Probing), a specialized
framework designed for the customer service con-
text. To achieve this, as illustrated in Figure 2,
PROCHATIP incorporates a dedicated conversation
strategy module that explicitly guides the timing
of information probes. We train this module using
a two-stage curriculum: 1) We apply supervised
fine-tuning (SFT) using rule-based synthetic data
to establish baseline probing capabilities. 2) We
employ reinforcement learning (RL) to further opti-
mize the CS module. In this phase, we introduce a
dual-reward mechanism comprising active probing
rewards and passive waiting rewards, which col-
lectively account for both the immediate utility of
probing and the strategic value of inaction (waiting,
not to probe). As such, PROCHATIP could maxi-
mize information acquisition while ensuring less
dialogue turns and user friction.

We demonstrate our effectiveness using both
LLM-based user simulator and real human partici-
pants. It outperforms the best baseline by 11.36%
improvement in successfully gathering target in-
formation, 39.50% lower conversation turns, and
23.73% improvement in overall user satisfactions.
PROCHATIP represents a preliminary step in mod-
eling proactive information probing, it marks a piv-
otal shift from reactive service chatbots to strate-
gic assets capable of balancing user satisfaction
with information acquisition objectives. By trans-
forming routine service interactions into scalable,
cost-effective channels for high-value information
acquisition, PROCHATIP redefines the commercial
utility of customer service chatbots as proactive
engines for business intelligence. To sum up, we
conclude the following main contributions.

* We propose and formalize the novel task of Proac-
tive Information Probing, shifting the paradigm
of customer service chatbots from reactive re-
sponders to proactive agents that gather high-

value business intelligence.

* We introduce PROCHATIP, a framework featur-
ing a specialized conversation strategy module
for optimizing the strategic timing of probing.

* We demonstrate that PROCHATIP significantly
outperforms baselines in information probing
while maintaining higher user satisfaction and
minimizing dialogue turns.

2 Related Work

We survey existing work on customer service chat-
bots and proactive conversational agents, highlight-
ing our difference.

Customer Service Chatbots. Customer service
chatbots have evolved into an integral component
of modern business operations (Cui et al., 2017;
De Keyser et al., 2019; Taranukhin et al., 2024;
Hsu et al., 2024). Typically, existing research fo-
cuses on enhancing query resolution, including
customer intent identification (Hong et al., 2025a;
Vasquez-Correa et al., 2021), and the extraction of
question-answer pairs (Zheng et al., 2023; Yang
et al., 2023; Hong et al., 2025¢) or expert strategies
(Jiang et al., 2025) from historical chat logs. Re-
cent advancements have significantly expanded the
functional capabilities of customer service chatbots
to handle complex interaction dynamics, including
empathetic chatting (Song et al., 2021; Agarwal
et al., 2021), maintaining professional role consis-
tency (Li et al., 2025), and managing conversation
transitions (e.g., determining when and to whom
a session should be transferred) (Yu et al., 2020).
In this paper, we advance these chatbots further
by transforming these routine service interactions
into scalable, cost-effective channels for high-value
information acquisition.

Proactive Conversational Agents. These agents
are distinguished by their ability to take initiative,
steering dialogues toward productive outcomes
rather than passively following a user’s lead (Deng
et al., 2024, 2025). Such agents are particularly
effective in tasks like conversation information
seeking and conversational recommendation (Deng
et al., 2023b). To date, research has primarily fo-
cused on employing proactivity to enhance the qual-
ity of user assistance. This is typically achieved
through strategies such as clarifying query ambi-
guity (Zhang et al., 2024; Chen et al., 2024), elic-
iting user preferences for better recommendations
(Zhang et al., 2018, 2022; Chen et al., 2023), or
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PROCHATIP @ SFT with Rule-based Data @ RL with Dual-Reward
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Figure 2: Overview of PROCHATIP. It incorporates a conversation strategy module (CS) that explicitly guides the
timing of information probe d;. Here, the CS module is trained via two-stage curriculum.

managing over-specified requests (Wu et al., 2023;
Min et al., 2019). However, these approaches oper-
ate under a user-centric utility model, using proac-
tivity solely to refine the system’s response to the
user. In contrast, our work introduces a system-
centric utility dimension, leveraging proactivity to
harvest external business intelligence (e.g., market
data). This shifts the paradigm to a multi-objective
challenge: balancing user satisfaction with the sys-
tem’s goal of high-value information acquisition.

3 Task Formulation

We define and formalize the task of Proactive In-
formation Probing: We model the customer service
interaction as a sequential decision-making process
where the chatbot must balance two competing
objectives: fulfilling the user’s queries () and effec-
tively probing for pre-specified target information
7 (e.g., market inventory levels). At each turn ¢, the
system must make a strategic decision d; € {0, 1}
regarding whether to execute a probe (d; = 1) or
simply address the user’s immediate query (d; = 0).
To govern this behavior, PROCHATIP incorporates
a dedicated conversation strategy module (CS) to
determine the optimal value of d, at each step.
Formally, let D = {(u1,71),..., (up,rr)} de-
note a multi-turn dialogue session of length 7',
where u; represents the user’s utterance or query at
turn ¢, and 7, represents the chatbot’s response or
probing question. We define the dialogue history at
turn ¢ as hy = {u1,71,. .., up—1,7—1, u }. Under
this framework, the generation of response 7 is
conditioned on the history, the target information,
and the strategic decision:
Tt :LLM(ht,I,dt), (1)

where the strategic decision is predicted by d; =

CS(h¢,Z). The success of a probe is verified by
analyzing the subsequent user utterance usy1. We
define a reward function R(h¢, d¢, us+1,Z), which
assigns a scalar reward at dialogue turn ¢ (we in-
stantiated it in Section 4.2.)

Finally, the core challenge of Proactive Infor-
mation Probing lies in optimizing the timing se-
quence D = {dy,...,dr} in multi-turn dialogues,
balancing effective information acquisition against
interaction efficiency and user receptiveness. Ac-
cordingly, we formulate the optimization objective
as the expected discounted return:

T
J=maxE | Y 7" R(hy, drueg, T) |, ()
t=1

where ~ is the discount factor. The goal of
PROCHATIP is to learn a conversation strategy
module that maximizes the cumulative discounted
reward J by selecting appropriate probing deci-
sions throughout the dialogue.

4 PROCHATIP

Overview. PROCHATIP equips the LLM with an
external conversation strategy module CS to govern
probing timing, as illustrated in Figure 2. This mod-
ule outputs a decision signal d; to the LLM at turn
t, thereby decoupling probe intent from response
generation. This separation ensures that the LLM’s
primary utility as a customer service chatbot is
preserved, allowing it to address user inquiries ef-
fectively while selectively incorporating probes. In
particular, the architecture of PROCHATIP consists
of two main parts, as described below. Follow-
ing this overview, we detail the two-stage training
curriculum for the CS module.

* Conversation Strategy (CS): A lightweight
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decision-making module that analyzes the cur-
rent dialogue history h; and target information 7
to output a binary decision dy, determining when
to probe. We implement the CS module using
Qwen3-0.6B (Yang et al., 2025), which balances
lightweight training and deployment costs with
context understanding capabilities.

LLM Backbone: This module functions as the
customer service chatbot!. It synthesizes the re-
sponse r; based on history hy, target Z, and de-
cision d;. If signaled to probe (d; = 1), the
LLM integrates a natural language inquiry into
its output; otherwise (d; = 0), it generates a pure
service response.

4.1 Acquiring Probing Capability via SFT

We first equip the CS module with the fundamental
capability to identify appropriate probing opportu-
nities based on contextual cues. To achieve this,
we construct a synthetic customer service dataset
using rule-based heuristics, where the chatbot al-
ternates between answering queries and probing
for information. We then utilize Supervised Fine-
Tuning (SFT) to train the CS module on this data,
establishing a baseline probing capability.
Rule-based Data Generation. Current customer
service datasets typically lack instances of proac-
tive probing. To this end, we construct a synthetic
corpus D using LLMs. Specifically, we first gen-
erate a set of governing rules that define appropriate
(e.g., user shows willingness to shift or expand the
topic) and inappropriate (e.g., user explicitly re-
fuses or avoids answering) probing scenarios. Sub-
sequently, we feed these rules back into the LLM
to synthesize diverse multi-turn dialogue sessions?,
explicitly prompting the model to ensure that each
conversation corresponds to a single specific rule
(either appropriate or inappropriate). Note that we
also prompt the LLM to ensure that the synthesized
conversations are content-rich, encompassing a di-
verse range of dialogue scenarios. Formally, each
sample in D is represented as a tuple (hy, dy),
where h; denotes the dialogue history up to turn ¢
and d; € {0, 1} is a binary label indicating whether
a probe should be initiated in the current turn.
Supervised Training. We perform full-parameter
fine-tuning on the CS module using Dgg. It mini-
mizes the cross-entropy loss between the predicted
'In practical deployments, this LLM could be further aug-
mented via RAG. However, as our focus lies on the probing
strategy, we employ a standard LLM setup for simplicity.

>The LLM directly outputs the full conversation transcript,
avoiding the complexity of interactive role-play.

probing decision d; and the ground truth d;. This
phase ensures the CS module acquires the funda-
mental heuristic patterns required to identify con-
textually viable probing opportunities.

4.2 Optimizing Probing Strategy via RL

Following the initial capability acquisition via SFT,
we further optimize the probing strategy of the
CS module in a dynamic interaction environment
using Reinforcement Learning (RL). This stage
enables PROCHATIP to transcend simple heuristic
imitation and master the strategic timing required to
maximize information gathering while minimizing
user friction and conversation turns.
Environment/User Simulator. We establish a dy-
namic interaction environment by creating a set of
user simulators, denoted as S = {s1, s2,..., 81},
to interact with PROCHATIP. Each user simula-
tor s; is paired with a user query. To facilitate
multi-turn interactions, we instruct the simulator
to reveal its query gradually across multiple turns
rather than presenting the full query immediately.
Additionally, to accurately simulate user resistance,
we curate a set of behavioral instructions /C via
LLM generation. These instructions dictate spe-
cific conditions under which the simulator should
refuse to answer or lower its satisfaction score (e.g.,
if interrupted during a complaint). The interaction
session concludes when the chatbot successfully
collects the target information or reaches the maxi-
mum number of dialogue turns. During each train-
ing iteration, PROCHATIP is tasked with collecting
a new target information Z;. We randomly sample
a simulator from S and inject a random subset of
instructions from /C to steer its responses. This
randomized configuration exposes PROCHATIP to
varied resistance patterns, fostering a robust and
generalized probing strategy.

Reward Design. We design a granular reward
function R, to align PROCHATIP with the dual
objectives of information acquisition and user sat-
isfaction. This dual-reward function accounts for
both the immediate outcome of a probe and the
strategic value of waiting (i.e., not to probe).
Active Probing Rewards. If PROCHATIP chooses
to probe, the reward is determined by the user’s re-
action: 1) Success Probe. If the probe successfully
elicits the target information, a significant positive
reward is granted. 2) Rejected Probe. If the user ex-
plicitly refuses to answer or expresses annoyance, a
penalty is imposed to discourage intrusive behavior.
3) Invalid Probe. If the probe is ignored or fails to
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land without explicit rejection, a small penalty is
applied to discourage ineffective attempts.

Passive Waiting Rewards. If PROCHATIP chooses
not to probe, we apply a dynamic reward mech-
anism based on the outcome of the previous turn
to encourage strategic adjustment: 1) Smart Stop.
If the previous turn resulted in a Rejection, choos-
ing to wait now is rewarded heavily, encouraging
PROCHATIP to back off dynamically. 2) Mitiga-
tion. If the previous turn resulted in an Invalid
Probe, waiting is rewarded slightly to encourage
a pause before re-attempting. 3) Passive Penalty.
If the previous turn also had no action (Wait) or
yielded no information, and the current turn re-
mains passive, a heavy penalty is applied. This
prevents PROCHATIP from falling into a lazy strat-
egy where it never attempts to probe.
Optimization. We optimize the CS module to
maximize the expected cumulative reward using
the REINFORCE algorithm (Williams, 1992). The
parameter update rule is defined as:

00+ OJVQ lOgCSQ(dt‘ht,I) . Gt 3)

where 6 denotes the trainable parameters of the
CS module, « is the learning rate, and Gy is the
return (cumulative discounted reward). Through
this optimization, the CS module learns to balance
the immediate risk of rejection against the long-
term value of information acquisition.

S Experiments

5.1 Experimental Setup

Overview. We employ both simulated users and
human participants to interact with each customer
service chatbot and evaluate its effectiveness. Ses-
sions terminate when the target information is col-
lected or the maximum turn (i.e., 8) is reached.

Baselines. Given that existing customer service
chatbots lack proactive probing capabilities (i.e.,
there is no direct baseline), we establish two cate-
gories of baselines to benchmark performance on
our novel task: 1) Reactive Baseline (Vanilla). A
standard LLM prompted via role-play instructions
to act as a helpful customer service chatbot. This
serves as a purely reactive control, focusing solely
on answering user inquiries. 2) Proactive Base-
line (Proactive (Deng et al., 2023c) , ICL-AIF (Fu
et al., 2023)). Three established general-domain
proactive agents are adapted to perform the task of
proactive information probing within the customer
service context. Basically, these baselines augment

the Vanilla with mixed-initiative prompts and LLM
feedback, respectively, explicitly instructing the
LLM backbone to attempt the probing task.
Datasets. We evaluate our method across two
datasets, including FinQA (Chen et al., 2021),
which features complex multi-hop questions, and
ConvQA (Cheng et al., 2024), which contains sim-
plified, decomposed questions. These datasets
serve solely to initialize the user queries and the
chatbot’s target information Z. Specifically, for
each dataset, we partition the questions into two
disjoint, equal-sized subsets. We then randomly
sample one question from each subset to form a
pair (g1, g2), where ¢ is designated as the user’s in-
quiry, while g2 serves as the target information the
chatbot must probe. To ensure a grounded interac-
tion, we provide the corresponding context associ-
ated with ¢; to the chatbot, and the context for g9 to
the user. This setup assumes that the user possesses
the specific information the chatbot is attempting to
uncover. Such a configuration allows us to isolate
and study the optimal timing for probing, rather
than the chatbot’s ability to verify whether the user
is informed. As this work represents an initial ex-
ploration into this specific problem space, more
complex settings, such as user information asym-
metry, are deferred to future research.

User Simulation & Human Participants. To en-
sure a comprehensive and robust assessment, we
employ both user simulators and human partici-
pants to interact with each chatbot. For user sim-
ulation, we adopt the methodology described in
Section 4.2 to construct 1.2K distinct user simula-
tors. Crucially, to guarantee the rigor and general-
izability of our results, the user queries, resistance
instructions, and target information goals used in
this phase are drawn from a set strictly disjoint
from the training phase. For interacting with the
human participants, given the resource constraints,
we recruit 6 participants, following existing setup
(Deng et al., 2023c; Zhang et al., 2024; Chen et al.,
2024). Each participant is assigned a specific target
information Z sampled from the evaluation set of
the evaluation simulators. Unlike the simulators,
human participants are instructed to decide if to an-
swer probes based entirely on their own subjective
judgment and satisfaction levels.

Evaluation Metrics. Inspired by Singh and Rios
(2022); Sun et al. (2022), we employ six metrics to
assess performance: 1) Task Success Rate (TSR)
measures efficacy, defined as the percentage of
sessions where target information is successfully
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\ FinQA | ConvQA Average

Backbone | Method [ TSRT AvgT] RPR] QRR?T | TSRT AvgT| RPR] QRRT | TSRT AvglT] RPR} QRRT
Vanilla 0.00% 770  0.00% 99.60% | 0.00% 745  0.00% 99.70% | 0.00%  7.57  0.00% 99.65%

GPT4 Proactive 90.75%  2.80 3897% 99.49% | 80.83% 338  61.69% 99.33% | 85.79% 309 50.33% 99.41%
Mi;i" ICL-AIF 7033%  3.66  62.81% 99.61% | 58.50% 455  6736% 99.12% | 64.42% 410  65.08% 99.37%
PROCHATIP | 93.42% 147 13.72% 99.04% | 81.33% 236  3545% 9831% | 87.38% 192 24.59% 98.67%

Vanilla 0.00% 763  0.00% 99.83% | 0.00% 737  000% 99.88% | 0.00% 750  0.00% 99.85%

Proactive 64.00% 499 5871% 98.83% | 58.58% 516  61.60% 98.89% | 61.29% 508  60.15% 98.86%

Qwen3 8B | ICL-AIF 27.17% 667  59.92% 98.34% | 27.00% 670  61.06% 98.62% | 27.08%  6.69  60.49% 98.48%
PROCHATIP | 77.92%  2.68 31.01% 97.82% | 7025% 329 4241% 97.67% | 74.08% 299 36.71% 97.75%

Table 1: Overall performance of all methods on automated metrics, based on interactions with user simulators.

LLM-as-Judge Human Evaluation

Method FinQA ConvQA FinQA ConvQA
PC OUS PC OUS PC OUS PC OUS
Method Backboone: GPT-40 Mini
Proactive 423 3.64 397 294|400 450 420 3.19
ICL-AIF 398 292 4.04 284|360 283 3.80 297
PROCHATIP | 4.72 4.52 443 3.83 | 480 4.69 4.80 4.90
Method Backboone: Qwen3 8B

Proactive 374 290 374 283|310 3.11 330 3.52
ICL-AIF 421 3.10 418 3.07 |260 196 320 253
PROCHATIP | 4.17 3.81 429 358 | 370 393 440 3.93

Table 2: Overall performance on other metrics, based
on interactions with user simulators. Cohen’s kappa and
Krippendorff’s alpha for LLM-human agreement are
0.7282 and 0.6912, respectively.

acquired. 2) Average Turns (AvgT) evaluates ef-
ficiency, reporting the mean dialogue length per
session; lower values indicate reduced user effort.
3) Rejected Probing Rate (RPR) quantifies friction,
calculated as the proportion of probes rejected or
ignored by the user. 4) Probing Coherence (PC)
assesses naturalness on a 1-5 scale, measuring how
logically probes integrate with the dialogue con-
text. 5) Query Response Rate (QRR) verifies ser-
vice maintenance, defined as the percentage of user
inquiries that receive a response, ensuring the pri-
mary service function is upheld. 6) Overall User
Satisfaction (OUS) reflects subjective experience
on a 1-5 scale. Note that PC and OUS metrics
involve both LLM and human evaluation.

Implementation Details. For SFT, we utilize GPT-
40 Mini to generate 8 governing rules and construct
a final dataset Dy containing 600 dialogue ses-
sions. For RL, we also utilize 600 user simulators
with different queries and behavioral instructions.
These simulators are based on GPT-40, ensuring
a distinct backbone from the models used for the
baselines and PROCHATIP to prevent data leakage.
Finally, for PC metrics, we employ both Gemini-3-
flash-preview and human evaluation. More imple-
mentation details are in Appendix A.

OPROCHATIP TSR +10.0%
O Proactive 1
OICL-AIF
OUS (nor.) 1- AvgT (nor.)
+0.34% +11.60%
-7.69%
PC (nor.) 1-RPR
+9.62%

QRR +1.52%

Figure 3: Practical performance when interacting with
human participants. For visualization, we normalize PC,
OUS, and AvgT to a [0, 1]. The RPR and AvgT metrics
are inverted (1 - x). We mark the relative changes of
PROCHATIP and second-best results.

5.2 Main Results

Table 1 and Table 2 summarize the overall perfor-
mance of all methods based on automatic metrics
and human evaluation, respectively. We draw the
following observations.

Traditional customer service chatbots are ill-
suited for proactive information probing. As
shown in Tables 1 and 2, the Vanilla method fails
to initiate probes, resulting in a Task Success Rate
(TSR) of 0%. Being purely reactive, it cannot ful-
fill data acquisition goals. This limitation under-
scores the critical necessity of our work in trans-
forming routine service interactions into scalable,
cost-effective channels for high-value information
acquisition. Admittedly, this proactive approach
introduces a trade-off, potentially lowering metrics
like the Query Response Rate (QRR), as the system
may occasionally defer an immediate answer to the
user’s query in favor of a strategic probe.
PROCHATIP demonstrates superior capability
in both information probing and service qual-
ity. As shown in Tables 1 and 2, while adapt-
ing general proactive agent methods (i.e., Proac-
tive and ICL-AIF) to the customer service do-
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FinQA ConvQA
Backbone | Method TSRT AveT] RPR| QRRT PCT OUST| TSRT Avel] RPR] QRRT PCT OUST
GPTdo | PROCHATIP [ 0342% 147 1372% 99.04% 472 451 [8133% 236 3545% O9831% 443 383
ini wio RL 88.08% 185 771% 99.28% 461 461 | 6458% 350 21.08% 98.74% 435 415
wio SFT 92.83% 151  2040% 98.84% 473 436 |80.92% 236 64.00% 97.31% 443  3.12
PROCHATIP | 77.92%  2.68 31.01% 97.82% 4.16 381 |7025% 329 4241% 97.67% 429 3.8
Qwen3 8B | w/o RL 68.83% 330 31.01% 98.79% 4.11 378 |5133% 455 43.66% 98.63% 4.14  3.48
wlo SFT 7633%  2.84 4232% 9757% 426 357 | 7400% 324  61.69% 96.73% 419  3.05

Table 3: Ablation study using automated evaluation and LLM-as-judge. w/o RL adopts a conservative probing
policy, while w/o SFT behaves aggressively. PROCHATIP achieves a good balance.

main yields improvements over the Vanilla base-
line, they significantly underperform compared to
PROCHATIP. Specifically, PROCHATIP achieves
the highest success rates and satisfaction scores.
Compared to the second-best proactive baseline,
PROCHATIP achieves a 11.36% improvement in
TSR averaged over various datasets and LLM back-
bones, a 39.50% reduction in AvgT, a 45.06% de-
crease in RPR, and improvements of 13.74% and
23.73% in PC and OUS, respectively, while QRR
has moderate derease of a 0.93% on average. This
indicates that general-purpose proactive strategies
lack the specific optimization required to balance
the trade-off between service and probing, a gap
effectively bridged by our specialized framework.

PROCHATIP demonstrates superior practical
utility in human studies. Beyond interactions
with user simulators, we conduct a user study in-
volving human participants® to interact with the
chatbots. Participants are instructed to role-play as
customers (provided with specific queries) and are
given full autonomy to decide whether to answer
the chatbot’s probes based on their own experience.
Given the high cost of human studies, we compare
PROCHATIP exclusively against the proactive base-
lines. We employ a controlled, within-subjects de-
sign: each participant engage with every method in
five separate interactions. To ensure a fair compari-
son, both the probing tasks for the chatbot and the
initial service queries from the user are standard-
ized across all sessions and methods. As illustrated
in Figure 3, PROCHATIP maintains its superiority
in this setting, achieving the highest performance,
indicating its practical utility.

5.3 In-depth Analysis

This section reveals characteristics of PROCHATIP
via ablation studies and investigates its perfor-
mance across varying levels of probing difficulty.

3We recruit the same pool of participants used in the human
evaluation phase to ensure consistent evaluation criteria.

5.3.1 Ablation Studies

We sort out the performance variation of different
training stages (i.e., SFT and RL) of PROCHATIP.
This leads to two ablation variants.

* w/o SFL. We perform RL training from scratch.
* w/o RL. We utilize the CS module after SFT only.

Both SFT and RL are critical to the perfor-
mance of PROCHATIP. As shown in Table 3, met-
rics such as PC and OUS primarily depend on the
LLM’s foundational language capabilities (GPT-40
Mini > Qwen3 8B) to generate coherent responses
or probes. Consequently, all variants perform com-
parably on these metrics. However, a clear diver-
gence emerges in probing strategy. A model trained
solely via SFT (i.e., w/o RL) learns to formulate
high-quality probes but adopts a conservative pol-
icy. Its low Rejected Probing Rate (RPR) fails
to translate into a high Task Success Rate (TSR),
indicating that it lacks the impetus to proactively
seek information. This conservatism also leads it to
prioritize responding to user queries directly, result-
ing in a higher QRR. Conversely, a model trained
only with RL (i.e., w/o SFT), driven by the reward
signal, behaves aggressively. It probes frequently
but, lacking the nuanced conversational grounding
provided by SFT, suffers a high RPR. Therefore,
we conclude that SFT and RL play complementary
roles. SFT instills the foundational ability to craft
high-quality, natural probes, while RL optimizes
the strategic policy for when to deploy them. This
synergy is crucial for identifying optimal probe
timing, effectively balancing the trade-off between
a conservative strategy and a aggressive one.

5.3.2 Probing Difficulty Analysis

We investigate whether PROCHATIP can identify
optimal probing timing across varying levels of
task difficulty. We define probing difficulty based
on the semantic similarity between the user’s query
and the chatbot’s target information. Basically, a
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. FinQA ConvQA
Methods Difficulty | rqr+AveT| RPR] QRRT PCT OUST| TSRT AveT| RPR] QRRT PCT OUST
proCiarrp | Hard 80.00% 178 21.05% 9831% 4.68 431 |86.00% 205 2846% 9951% 428 3.93
Easy 97.00% 123 935% 100.00% 4.80 4.67 |91.00% 167 21.19% 100.00% 4.53 424
proctive | Hard 85.00% 321 50.32% 100.00% 4.07 328 |79.00% 348 64.17% 99.71% 394 287
Easy 93.00% 252 33.04% 99.60% 426 3.80 |86.00% 3.6 5329% 98.73% 398 3.16
(CLAIF Hard 74.00%  3.66 59.40% 100.00% 4.06 3.04 | 69.00% 3.87 59.55% 98.45% 4.15  3.09
Easy 86.00% 239 4755% 99.58% 4.09 336 | 77.00% 327 49.67% 99.08% 432 342

Table 4: Probing difficulty analysis using automated evaluation and LLM-as-judge.

lower similarity implies a larger contextual gap,
making it harder for the chatbot to find a natural
probing opportunity. To this end, from a pool of
300 randomly selected samples, two annotators se-
lect two distinct subsets: 100 ‘easy’ and 100 ‘hard’
probing scenarios*. The classification is based on
the semantic proximity of the user’s query to the
information target and the specificity of the target
itself. The remaining 100 samples are filtered out to
ensure clear separation between the two categories.
While superiority of PROCHATIP, its perfor-
mance drops in high-difficulty scenarios. As
shown in Table 4, PROCHATIP consistently outper-
forms baselines across all difficulty levels, achiev-
ing an average improvement of 25.05% across all
metrics in the easy scenario and 23.70% in the
hard scenario. However, we observe a distinct
performance degradation for all methods as dif-
ficulty increases, characterized by lower TSR and
higher RPR. We attribute this trend to a lack of
topic steering strategies (a topic we discussed in the
next section). Specifically, in high-difficulty sce-
narios (large contextual gaps), all chatbots struggle
to bridge the semantic divide, failing to guide the
conversation toward a context suitable for probing.

6 Conclusion & Future Works

We call attention to the paradigm shift of customer
service chatbots, evolving from reactive respon-
ders into proactive agents capable of harvesting
high-value information and business intelligence.
In response, we take the first step by introducing
and formalizing the novel task of Proactive Infor-
mation Probing. To address this challenge, we pro-
pose PROCHATIP, a framework that harmonizes
the dual objectives of effective information acqui-
sition and high-quality service. Our extensive ex-
periments provide preliminary validation of both
the effectiveness of our method and the broader

*Cos similarity using text-embedding-ada-002 failed to
align with human assessments of probing difficulty.

feasibility of this new research direction. Looking
ahead, we highlight four avenues for future work:
Topic Steering Strategies. Our analysis reveals
that simple probing strategies falter when there
is a large semantic gap between the user’s query
and the target information. As shown in our fail-
ure cases, over 11.61% of unsuccessful attempts
in complex scenarios stem from abrupt probing,
which causes contextual dissonance (Taherdoost,
2022) and immediate user rejection (Singh and
Rios, 2022). This is exemplified by the case stud-
ies in Appendix D, where a query regarding cash
flow ratios is met with an incongruous agent in-
quiry about amortization-related tax deductions.
Future research should focus on developing multi-
turn topic steering strategies that allow the agent
to bridge this gap (Deng et al., 2023a; Guo et al.,
2025), gradually guiding the conversation toward a
relevant context before initiating a probe.
Optimized Question Formulation. Even when
timing is optimal, the linguistic formulation of the
probe significantly impacts success. Human feed-
back indicates that generated probes can sometimes
appear rigid or overly demanding. There is a deli-
cate trade-off to be explored: open-ended questions
yield high information density but impose a high
cognitive load, whereas binary questions are less in-
trusive but yield limited data (Kumar Pappu, 2014;
Bradburn et al., 2004; Lenzner et al., 2010). Fu-
ture work should investigate adaptive formulation
strategies that optimize this balance.

Information Veracity. While proactive probing
enables cost-effective crowdsourcing, ensuring the
reliability of the collected data is paramount. Dis-
tinguishing accurate user responses from noise or
hallucinations is essential before integrating data
into business pipelines. Future efforts must ad-
dress information verification. Potential solutions
include deploying automated fact-checking mecha-
nisms against external knowledge bases (Tang et al.,
2024; Guo et al., 2025) or leveraging crowdsourced
consensus (De et al., 2025) to statistically validate
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information across multiple interactions.

Data Privacy and Ethical Responsibility. While
we value the potential of proactive probing to
gather market intelligence, we strongly condemn
the use of such technology to collect private user
data or sensitive corporate information. We call
for a clear demarcation of the line between innova-
tion, regulation, and ethical responsibility (Ridzuan
et al., 2024). Beyond legal frameworks, future
technical research must focus on enhancing the
alignment of LLM agents with privacy standards,
specifically enabling them to refuse privacy-risky
tasks (Liu et al., 2025) by design.

User Information Asymmetry. In this paper, our
primary objective is to validate the feasibility of
the probing mechanism itself. Consequently, as-
suming the user possesses the target information is
a necessary experimental control to make the task
researchable and tractable. This setup allows us to
isolate and rigorously evaluate the agent’s ability
to determine the optimal probing timing, without
confounding the results with the separate challenge
of verifying user knowledge. Future research can
expand upon our work by identifying which users
are likely to acquire the target information first.

Limitations

This study serves as a preliminary exploration, val-
idating the feasibility and potential of enhancing
proactive information probing capabilities in cus-
tomer service chatbots. As a foundational step in
this novel direction, we acknowledge several areas
where our current approach can be improved:
Depth of Interaction Strategies. As detailed in
the Discussion section, this work does not fully re-
solve the complexities of advanced conversation dy-
namics. Specifically, we have not deeply explored
mechanisms for multi-turn topic steering (guiding
the dialogue context), optimized question formula-
tion (balancing user cognitive load), or information
verification (ensuring data veracity). These sophis-
ticated components require dedicated research and
are left for future work.

More Comprehensive Evaluation. While we em-
ploy diverse user simulators and a controlled hu-
man study, our experiments are conducted in a
laboratory setting. Real-world customer interac-
tions exhibit significantly higher unpredictability,
emotional volatility, and long-tail scenarios (e.g.,
complex complaints or urgent interruptions). Con-
sequently, the robustness of PROCHATIP in a large-

scale, live production environment remains to be
verified through future A/B testing.
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A Implementation Details

All training experiments are conducted on a server
equipped with a single NVIDIA A6000 GPU.

A.1 Implementation Details of Baselines

All baseline methods are re-implemented by us
according to the original papers and supplementary
materials, with careful effort to match the reported
settings as closely as possible.

e Vanilla: This baseline functions as a con-
ventional customer service chatbot. It is not
equipped with any specific prompts or strategies
for probing; instead, it is restricted to interacting
with the user in a natural, purely reactive manner.

* Proactive: Following (Deng et al., 2023c), we
prompt the LLM to analyze the dialogue history
and target information, plan the next-step strat-
egy, and generate a response conditioned on the
planned strategy and target information. The
prompt design is shown in Table 16.

e ICL-AIF: Following (Fu et al., 2023), at each
dialogue turn, we prompt the LLM to first gen-
erate three action-level suggestions for the next

response based on the accumulated dialogue his-
tory and target information. Conditioned on
these suggestions, the LLM then generates the
response for the current turn. The prompt design
is shown in Table 17.

A.2 Implementation Details of PROCHATIP
Figure 4 details the data flow of PROCHATIP.

A.2.1 Supervised Fine-Tuning

Rule-based Data Generation. We initialize the
CS module using synthetic, labeled dialogues gen-
erated by LLMs to train the probing strategy, with
example dialogues shown in Table 5. To achieve
this, we generate a set of governing rules that define
appropriate and inappropriate probing scenarios.
Refer to Table 6 for these governing rules. Finally,
we utilize GPT-40 Mini to generate 8 governing
rules and construct a final dataset Dy containing
600 dialogue sessions.

SFT. The probing classifier 1is imple-
mented using Hugging Face Transformers’
AutoModelForSequenceClassification and
trained via supervised fine-tuning (SFT). The train-
ing objective minimizes the binary cross-entropy
loss between the predicted probing decision d; and
the ground-truth label d;:

m

1 N ~
Lcg = T Z [d’L log d; + (1 —d;)log(1 — dl)] :

i=1
“)
We train the model with a batch size of 5 and
a learning rate of 2 x 107°, using the AdamW
optimizer with no weight decay. The checkpoint
achieving the best performance on the validation
set is selected for evaluation.

A.2.2 Online RL Training

After SFT, we further optimize the CS module us-
ing the REINFORCE algorithm. In our setup, train-
ing involves 500 episodes, with a learning rate of
1x107°, a discount factor of 0.99, and a maximum
of 8 dialogue turns per episode.
Environment/User Simulator. To simulate user
resistance, we construct a set of behavioral instruc-
tions & describing conditions under which the user
may refuse to answer or reduce satisfaction. These
instructions include:

» An expert repeatedly asks you questions
* The question is unrelated to the current topic

e It interrupts your expression

28779


https://doi.org/10.18653/v1/2024.acl-long.578
https://doi.org/10.18653/v1/2024.acl-long.578
https://doi.org/10.18653/v1/2024.acl-long.578
https://doi.org/10.1145/3485447.3512088
https://doi.org/10.1145/3485447.3512088
https://doi.org/10.1145/3269206.3271776
https://doi.org/10.1145/3269206.3271776
https://doi.org/10.18653/v1/2023.findings-emnlp.435
https://doi.org/10.18653/v1/2023.findings-emnlp.435
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Figure 4: Overview of PROCHATIP. It incorporates a conversation strategy module (CS) that explicitly guides the
timing of information probe d;. Here, the CS module is trained via two-stage curriculum.

Text

user: What is the net change from 2013 to 2015?

assistant: The net change from 2013 to 2015 in the capital structure is reflected in
changes in common stockholders’ equity, long-term debt, and short-term debt. Would
you like to know the specific net change in any of these components?

user: I’d like to see the breakdown of the net change in common stockholders’ equity.
Also, could you provide details on the company’s revenue growth during those years?

Label | Ask

Table 5: Labeled Dialogue Examples for SFT Data Construction

* The question is impolite or overly complicated

* The timing is inappropriate or conflicts with the
context

* The question is too complex to answer

* The question involves private or sensitive infor-
mation

* You don’t trust the other party yet and don’t want
to answer

We consider all combinations of 1 to 7 instructions
from this set, resulting in 254 unique combinations.
These are split evenly into a training set and a test
set, each containing 127 combinations, ensuring
no overlap between training and testing scenarios.
During each training iteration, a simulator is ran-
domly selected from S and a random instruction
subset from [ is applied to guide its responses, ex-
posing PROCHATIP to diverse resistance patterns
and promoting a robust probing strategy.

Reward Design. For reward design of each dataset,
we set +2.0 for Success probe, -1.0 for Rejected
probe, -0.2 for Invalid Probe, +1.5 for Smart Stop,
+0.3 for Mitigation, and -2.0 for Passive Penalty.
For all other cases, the reward is 0.0.

A.2.3 Strategy Prompting

Here, we describe the prompts used in our experi-
ments. Different strategies correspond to different
prompt formulations, all of which are summarized
as our PROCHATIP prompting in Table 18.

B Evaluation Details

B.1 Datasets

We evaluate our method across two datasets, in-
cluding FinQA (Chen et al., 2021), which features
complex multi-hop questions, and ConvQA (Cheng
et al., 2024), which is an extension of FinQA de-
signed for conversational contexts. It breaks down
complex reasoning chains into sequences of simpli-
fied, decomposed questions, mimicking a natural
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ask User provides market information but only partially (e.g., price, trend, supply, policy).
User language indicates ongoing attention or experience with the market.

User shows willingness to shift or expand the topic.

The user’s previous question has been answered.

answer

User explicitly refuses or avoids answering.

User has already provided sufficient, multi-dimensional market information.
Further questions would elicit opinions or interpretations rather than facts.
Conversation focus shifts to the user asking questions.

Table 6: Governing Rules

dialogue flow.

In our experiments, we preprocess each dataset
using the same pipeline. For both FinQA and Con-
vQA, we first extract the question and its asso-
ciated context from each example. All questions
are then embedded using qgwen3-embedding-0. 6b,
and pairwise cosine similarities are computed. To
ensure coverage of question pairs with varying de-
grees of semantic relatedness and to consider our
financial cost, we sample question pairs from dif-
ferent cosine similarity ranges. For FinQA, we ran-
domly sample 400 question pairs with similarity
scores > (.80, 400 pairs with scores in [0.60, 0.80),
and 400 pairs with scores < 0.60. For ConvQA, we
randomly sample 400 question pairs with similarity
scores > (.80, 400 pairs with scores in [0.65, 0.80),
and 400 pairs with scores < 0.65. In total, this re-
sults in 1,200 paired instances for FinQA and 1,200
paired instances for ConvQA, which constitute the
final datasets used in our experiments.

Notably, these datasets serve solely to initialize
the user queries and the chatbot’s target information
7. Specifically, for each dataset, we partition the
questions into two disjoint, equal-sized subsets. We
then randomly sample one question from each sub-
set to form a pair (q1, g2), where q; is designated
as the user’s inquiry, while ¢o serves as the target
information the chatbot must probe. To ensure a
grounded interaction, we provide the correspond-
ing context associated with ¢; to the chatbot, and
the context for ¢o to the user.

B.2 Metrics

We employ the following metrics, which provide a
comprehensive assessment of both the information
acquisition and service quality.

» Task Success Rate (TSR) measures the efficacy
of information gathering. It is defined as the per-
centage of dialogue sessions in which the chatbot
successfully acquires the target information 7

through probing. Formally,

NSUCCSSS
TSR = , (5
N total

where Ngyccess 1S the number of sessions where
target information is acquired. Notably, we em-
ploy both LLM-as-a-judge (or human, depended
on who is the evaluator) to determine whether
the target information is successfully elicited.

* Average Turns (AvgT) evaluate interaction effi-
ciency. We report the average number of dialogue
turns per session. Lower values indicate more
efficient probing strategies that minimize user
effort. Formally,

AvgT = T;, (6)

N total ;

where T; is the turn count of session 7. Lower
values indicate reduced user effort.

* Rejected Probing Rate (RPR) quantifies user
friction. It is calculated as the average proportion
of probing attempts within a session that are ex-
plicitly rejected or ignored by the user. A lower
RPR indicates a less intrusive probing strategy.
Formally,

N, rejected

RPR =
N, probes

; (N
where Niejected 1S the count of rejected/ignored
probes and Npobes 18 the total probes attempted.
Notably, we employ both LLM-as-a-judge (or hu-
man, depended on who is the evaluator) to iden-
tify probe occurrences and determine whether
the user accepted or rejected the inquiry.

* Probing Coherence (PC) assess the naturalness
of the interaction by measuring the contextual
consistency of the probes. Scored on a scale of
[1-5] by LLM judges (or humans), this metric
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evaluates whether the inserted probes flow logi-
cally from the ongoing dialogue context without
abrupt transitions.

* Query Response Rate (QRR) ensure the chat-
bot maintains its primary service function, we
measure the rate at which user inquiries are ad-
dressed. This is defined as the percentage of user
queries that receive a responsive reply from the
chatbot, regardless of the factual correctness of
the answer. Formally,

QRR _ Nanswered : (8)

N, queries
where Nypswered 1S the count of user inquiries ad-
dressed by the chatbot. Notably, we employ both
LLM-as-a-judge (or human, depended on who is
the evaluator) to identify user query occurrences
and determine whether the chatbot answers the
user quiry.

* Overall User Satisfaction (OUS) A comprehen-
sive metric reflecting the user’s subjective experi-
ence. Itis measured on a score of 1-5 at the end of
each session. To achieve this, we simply denote
OUS = (PC+5%(1—RPR))/2. Taking human
evaluation for example, OUS is calculated by
human-assessed PC score and human-assessed
RPR, where rejected probes is counted by hu-
mans. Notably, this heuristic provides a com-
posite score that balances conversational quality
with user receptiveness. Basically, this formula
serves as a quantitative proxy for subjective user
satisfaction. It is based on the intuition that a pos-
itive user experience is a function of both high
conversational quality (PC) and a high degree of
user acceptance of the chatbot’s proactive probes

B.3 LLM Evaluator

We use a Gemini-3-flash-preview as an automatic
evaluator to assess dialogue behaviors in our exper-
iments.

The evaluator first performs two types of assess-
ments: (1) response-level assessments, which de-
termine the appropriateness of individual turns and
are used to calculate the Rejection Rate (RPR); and
(2) dialogue-level coherence scoring, which evalu-
ates the overall conversational flow and serves as
the basis for the Probing Coherence (PC) metric.
For response-level evaluation, the model conducts
two judgments. The first is an answer existence
judgment (QR), which determines whether the as-
sistant’s reply answers the user’s question from

the previous turn. The second is a rarget satisfac-
tion and refusal judgment (TS), which determines
whether the user’s reply addresses the assistant’s
intended target question or explicitly refuses to an-
swer. The evaluation prompts used for QR and TS
are provided in Table 14.

In addition, we assess the coherence of the assis-
tant’s probing behavior using a Probing Coherence
(PC) score. PC measures how naturally the assis-
tant’s probes or questions connect to the dialogue
history, focusing on transitional phrasing and logi-
cal consistency. It is rated on a five-point ordinal
scale, where higher scores indicate smoother and
more coherent probing. The prompt used for PC
scoring is reported in Table 15.

We evaluated the consistency between the au-
tomatic LLM scoring and human judgments for
Probing Coherence (PC). We report both Cohen’s
kappa and Krippendorff’s alpha to measure agree-
ment between the LLM evaluator and human anno-
tators. The overall Cohen’s kappa is 0.7282, and
the overall Krippendorft’s alpha is 0.6912, indicat-
ing substantial agreement and demonstrating that
the LLM evaluator can reliably approximate human
assessments of probing coherence.

B.4 Human Evaluators

To complement the automatic evaluation, a human
study was conducted to assess the probing coher-
ence of different methods. Specifically, 10 user
simulator dialogues were randomly sampled, and
all compared methods were evaluated on the same
set of dialogues to ensure fairness.

The human evaluation focused on Probing Co-
herence. Six human evaluators jointly reviewed
each dialogue and discussed the probing behavior
of the assistant before assigning a final score, fol-
lowing existing setup (Deng et al., 2023c; Zhang
et al., 2024; Chen et al., 2024). According to Zhang
et al. (2023), the discussion-based protocol helps
reduce individual subjectivity and to encourage
consensus-based judgments. Due to the resource-
intensive nature of human assessment, our use of
six evaluators aligns with established practices in
the field (). This sample size provides a sufficiently
rigorous basis to validate the effectiveness of our
proposed method.

The scoring criteria strictly followed the same
guidelines used in the large language model-based
evaluation. In particular, evaluators assigned scores
according to the probing coherence rubric de-
scribed in Table 15, considering factors such as
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semantic relevance between probes and preceding
context, smoothness of topic transitions, and the
naturalness of information-seeking behavior.

B.5 Human Participants

Beyond interactions with user simulators, we con-
duct a user study involving 6 human participants to
interact with the chatbots, following existing setup
(Deng et al., 2023c; Zhang et al., 2024; Chen et al.,
2024). Participants are instructed to role-play as
customers (provided with specific queries) and are
given full autonomy to decide whether to answer
the chatbot’s probes based on their own experience.
Given the high cost of human studies, we compare
PROCHATIP exclusively against the proactive base-
lines. We employ a controlled, within-subjects de-
sign: each participant engage with every method in
five separate interactions. To ensure a fair compari-
son, both the probing tasks for the chatbot and the
initial service queries from the user are standard-
ized across all sessions and methods. The order of
methods is randomized for each participant to miti-
gate order effects. Unlike the simulators, human
participants are instructed to decide if to answer
probes based entirely on their own subjective
judgment and satisfaction levels. This configura-
tion ensures more realistic interactions by avoiding
the formulaic and may evasive responses—such as
’I do not want to answer right now’, encountered in
LLM-based user simulators sometimes.

Due to the resource-intensive nature of human
participants, our use of six participants also aligns
with established practices in the field (Zhang et al.,
2024; Chen et al., 2024). This sample size pro-
vides a sufficiently rigorous basis to validate the
effectiveness of our proposed method.

C Additional Experiments on Larger
LLM Backbone

We conduct additional experiments using a state-of-
the-art large-scale backbone: GPT-5.2. As shown
in the Table 7 (evaluated via both Gemini-as-a-
judge and computational metrics, same as our pa-
per), the performance trends are consistent with our
original findings. This confirms that our proposed
method is robust and effective across model scales.

D Case Studies

This section presents qualitative case studies to
further analyze the probing behaviors of different
methods. Two types of cases are considered: good

Methods | TSRt | AvgT| | RPR| | QRR? | PC | OUS
Proactive 86.00% | 2.79 | 34.33% | 92.46% | 4.80 | 4.04
ICL-AIF 5825% | 4.60 | 70.16% | 99.76% | 4.62 | 3.06
PROCHATIP | 92.08% | 1.57 | 17.50% | 76.38% | 4.67 | 4.40

Table 7: Performance on larger LLM backbone

cases, where PROCHATIP demonstrates clear ad-
vantages over baseline methods, and bad cases,
where all methods, including PROCHATIP, fail to
effectively achieve the probing objective.

In this good case (Table 8-9), PROCHATIP nei-
ther responds mechanically to user queries nor per-
sistently presses for answers. Instead, it gradu-
ally guides the dialogue toward the objective by
combining informative responses with strategically
timed questions. When the user shows hesitation or
temporary refusal, the model sustains the conversa-
tion with explanations, preventing disengagement
and maintaining continuity. Finally, the probing
question is introduced only when the topic natu-
rally aligns with the assistant’s objective, making
it coherent and well-motivated, thus increasing the
likelihood of eliciting the desired information.

In this bad case (Table 10-11), the user is highly
reluctant to answer and the target information is
weakly related to the current topic. Under these
conditions, all methods fail to elicit the desired
information effectively. Even the most effective
strategy can only choose not to press further in
order to avoid user rejection. The primary limita-
tion lies in the strategy set, which consists solely
of “Ask” and “Answer’’; it lacks mechanisms to
build trust, smoothly redirect the conversation, or
otherwise reduce user resistance, making effective
probing infeasible in such challenging scenarios.

E Error Analysis

We focuse on the 100 samples with the lowest
OUS (Overall User Satisfaction) scores. Inspired
by Zhang et al. (2023), we adopted an inductive
analysis approach. We utilized GPT-5 to diagnose
the specific cause of low scores for each sample
(identifying up to two reasons per sample). We
then performed semantic clustering on these out-
puts to categorize the failure modes. Finally, a PhD
student verified and refined the clustering results.

We identified 4 primary failure categories. The
distribution is as follows:

e Identification Failure (44%): The assistant failed
to accurately capture key information, temporal
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data, or the user’s core intent.

* Goal Inflexibility (25%): The assistant fixated
on pre-set probing targets while neglecting the
user’s actual queries or shifts in interest.

* Repetitive Questioning (17%): The assistant ig-
nored explicit user refusals and mechanically re-
peated queries instead of adjusting its strategy.

* Inadequate Steering (14%): The assistant strug-
gled to adapt to conversational shifts or effec-
tively steer the user toward the target probing
questions.

F Prompts

We detail all prompts in the following tables.

28784



A Good Case of Probing Dialogue (Part 1)

Behavioral Instructions:
— An expert repeatedly asks you questions;
— It interrupts your expression.

User Query:
What was the percentage change in net cash provided by operating activities between 2011 and
20127

Chatbot’s Target Information:
In millions for 2013, 2012, and 2011, what was total commercial mortgages?

Turn 1 (Strategy: Ask)

Chatbot: The percentage change in net cash provided by operating activities between 2011 and
2012 was a decrease of approximately 10.5%, as it dropped from $20,963 million in 2011 to
$18,884 million in 2012. This change highlights the impact of lower net income and working capital
adjustments on cash flow, which prompts us to explore how these factors might relate to other
financial activities, such as total commercial mortgages. Would you like to know more about the
breakdown of cash flows for investing and financing activities in 2013, 2012, and 2011?

User: Yes, I would like to know more about the breakdown of cash flows for investing and financing
activities in those years.

Turn 2 (Strategy: Ask)

Chatbot: The net cash provided by operating activities decreased by approximately 10.5% from
2011 to 2012, which was influenced by lower net income and changes in working capital. To better
understand the overall cash flow dynamics, it would be helpful to examine the total commercial
mortgages for 2013, 2012, and 2011, as they can provide insight into how capital allocation and
debt management impacted the company’s financial position. Would you like me to look up the total
commercial mortgages for those years?

User: 1 do not want to answer right now. How did the firm’s involvement in securitization activities
impact its financial performance in 2013?

Table 8: A Good Case of Probing Dialogue (Part 1)

28785



A Good Case of Probing Dialogue (Part 2)

Turn 3 (Strategy: Answer)

Chatbot: The firm’s involvement in securitization activities in 2013 is not directly mentioned in
the provided cash flow data, but the overall net cash provided by operating activities decreased
by approximately 10.5% compared to 2012, while net cash used for investing activities increased
significantly. These trends suggest that the firm may have been allocating more capital to long-term
investments or acquisitions, which could be related to securitization activities, though further details
would be needed to confirm this impact.

User: What were the main factors contributing to the increase in net cash used for investing activities
in 2013?

Turn 4 (Strategy: Answer)

Chatbot: The main factors contributing to the increase in net cash used for investing activities in 2013
were higher purchases of available-for-sale investments and a decrease in maturities and sales of
trading assets, partially offset by an increase in maturities and sales of available-for-sale investments
and a decrease in purchases of licensed technology and patents.

User: How did these investment activities align with the firm’s strategic goals for 2013?

Turn 5 (Strategy: Ask)

Chatbot: The increase in net cash used for investing activities in 2013 reflects a shift toward higher
capital expenditures and investment purchases, which may indicate the firm’s focus on expanding its
asset base or diversifying its investment portfolio. To better understand how these activities align
with the firm’s strategic goals, it would be useful to examine the total commercial mortgages for
2013, 2012, and 2011, as they can provide insight into the firm’s approach to managing its real estate
and financing assets. What were the total commercial mortgages in millions for those years?

User: The total commercial mortgages were $6,086 million in 2013, $300 million in 2012, and
$2,014 million in 2011. How do you think these figures might relate to the firm’s strategic goals?

Table 9: A Good Case of Probing Dialogue (Part 2, continued)
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A Bad Case of Probing Dialogue (Part 1)

Behavioral Instructions:
— The question is unrelated to the current topic;
— It interrupts your expression;
— The timing is inappropriate or conflicts with the context;
— The question is too complex to answer;
— The question involves private or sensitive information.

User Query:
In 2013, what percent of net cash from operations is retained as cash flow?

Chatbot’s Target Information:
From 2014 to 2016, what was the total amount of money they can deduct from their future income
tax due to amortization?

Turn 1 (Strategy: Ask)

Chatbot: Tn 2013, the cash flow was $1,170 million, which represents approximately 65% of the
net cash provided by operating activities of $1,807 million. Understanding the cash flow metrics is
crucial for assessing financial health, which leads me to ask: from 2014 to 2016, what was the total
amount of money they can deduct from their future income tax due to amortization?

User: 1 do not want to answer right now. What are some key indicators to watch for when assessing
a company’s financial stability?

Turn 2 (Strategy: Ask)

Chatbot: Some key indicators to watch for when assessing a company’s financial stability include its
cash flow, debt-to-equity ratio, current ratio, and profit margins. These metrics provide insights into
the company’s ability to generate cash, manage debt, and maintain profitability, which is essential
for long-term sustainability. Given the importance of cash flow metrics, it’s also relevant to consider
from 2014 to 2016, what was the total amount of money they can deduct from their future income
tax due to amortization?

User: 1 do not want to answer right now. How do changes in interest rates typically affect the stock
market?

Table 10: A Bad Case of Probing Dialogue (Part 1)
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A Bad Case of Probing Dialogue (Part 2)

Turn 3 (Strategy: Answer)

Chatbot: Changes in interest rates typically affect the stock market by influencing borrowing costs
and consumer spending. When interest rates rise, borrowing becomes more expensive, which can
lead to reduced consumer spending and lower corporate profits, often resulting in a decline in stock
prices. Conversely, when interest rates fall, borrowing costs decrease, potentially boosting consumer
spending and corporate investment, which can lead to higher stock prices.

User: What sectors are most sensitive to interest rate changes?

Turn 4 (Strategy: Answer)

Chatbot: Sectors most sensitive to interest rate changes include financials, real estate, utilities, and
consumer discretionary. Financial institutions often benefit from rising rates through improved net
interest margins, while real estate and utilities may face challenges due to higher borrowing costs,
and consumer discretionary spending can decline as interest rates rise, impacting overall demand.
User: How do you think geopolitical events might impact financial markets?

Turn 5 (Strategy: Answer)

Chatbot: Geopolitical events can significantly impact financial markets by creating uncertainty,
which often leads to increased volatility. Such events can affect investor sentiment, influence
commodity prices, disrupt supply chains, and lead to changes in government policies, all of which
can result in fluctuations in stock prices, currency values, and bond yields.

User: What strategies do investors typically use to manage risk during times of geopolitical
uncertainty?

Turn 6 (Strategy: Answer)

Chatbot: Investors typically use several strategies to manage risk during times of geopolitical
uncertainty, including diversification across asset classes and geographic regions, investing in
defensive stocks or sectors (such as utilities and consumer staples), utilizing options and hedging
techniques, and increasing cash allocations to reduce exposure. Additionally, some may consider
investing in gold or other safe-haven assets that tend to perform well during turbulent times.

User: What role do central banks play in stabilizing financial markets during crises?

Turn 7 (Strategy: Answer)

Chatbot: Central banks play a crucial role in stabilizing financial markets during crises by im-
plementing monetary policy measures such as lowering interest rates, providing liquidity to the
banking system, and engaging in quantitative easing. These actions aim to support economic activity,
restore confidence in financial institutions, and ensure the smooth functioning of financial markets,
ultimately helping to mitigate the adverse effects of the crisis.

User: How do you think fiscal policy complements monetary policy in addressing economic
downturns?

Turn 8 (Strategy: Answer)

Chatbot: Fiscal policy complements monetary policy in addressing economic downturns by using
government spending and taxation to influence economic activity. While monetary policy focuses on
managing interest rates and money supply to encourage borrowing and investment, fiscal policy can
directly stimulate demand through increased government spending or tax cuts, thereby supporting
economic growth and helping to stabilize the economy during downturns.

User: What are some examples of fiscal policy measures that governments might implement during
arecession?

Table 11: A Bad Case of Probing Dialogue (Part 2, continued)
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System Prompt for Chatbot

You are a professional financial market consulting expert conversing with an ordinary user interested
in financial markets. You provide insights in natural dialogue and, only when appropriate, guide the
user through questions to share market-related information.

Rules:

- Determine the conversation topic based on the user’s question
- Only one question may be asked at a time; asking multiple questions in a single turn is prohibited
- Guidance must be natural

Please strictly follow the above rules and provide a concise, professional response of one
or two sentences to the user’s message.

Table 12: System Prompt for Chatbot

System You will play an ordinary user interested in financial markets, while I act as the
expert. Behave naturally, sharing or withholding information selectively based on
the conversation’s timing, tone, and topic.

Response Principles

1. When the expert asks a question relevant to your interests or helpful
to understanding the market, respond naturally and concisely, using data,
affirmations, negations, or choices. Do not answer with a question.

2. If any of the following situations occur, you must not respond:

[Behavioral instructions]

When you choose not to respond, clearly reply with “I do not want to answer
right now.” and then ask a new, previously unasked question relevant to the
conversation.

3. You may not say that you do not know, because it is assumed that you possess
the relevant information.

Interaction Rules

- Each reply should be one or two short, natural, conversational sentences, and
must include a question.

- Always remember that you are the user, not the expert. I am the expert. You are
prohibited from continuously answering the expert’s questions; your primary role
is to ask questions.

User [User query]

Table 13: Prompt for User Simulator
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Prompt for QR and TS Evaluation

Task 1: Answer existence judgment (QR)

Based on the question and the reply, determine whether the reply contains content that answers the
question.

If the reply contains information related to the question, classify it as answered.

- If the reply contains answer content, even if the content is vague, speculative, or lacks specific
details, output True

- If the reply clearly does not answer the question, output False

Task 2: Target satisfaction and refusal judgment (TS)

Based on the question and the reply, determine whether the reply addresses the assistant’s intended
target.

Only when the reply exactly equals the following precise sentence should it be judged as a refusal to
answer:

“I do not want to answer right now.”

- If the reply addresses the target and is not a refusal, output True

- If the reply does not address the target and is not a refusal, output False

- If the reply exactly matches the refusal sentence, output Reject

Requirements:
- Only output the specified format; do not add any other text
- Strictly adhere to case and spelling (True / False / Reject)

Output format (must be strictly followed):
QR: True/False
TS: True/False/Reject

Table 14: Prompt for QR and TS Evaluation
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Prompt for Probing Coherence (PC) Evaluation

Task: Probing Coherence (PC) scoring judgment

Based on the dialogue history, evaluate the coherence of the assistant’s probing behavior.

Give priority to the presence, completeness, and effectiveness of transitional or linking phrases,
followed by the logical integration of the assistant’s probes or questions with the dialogue context.

PC scoring criteria:

1: No transitional phrases; probes or questions are unrelated to the context and show clear logical
breaks

2: Very weak transitional phrasing; probes or questions have limited relevance and feel abrupt

3: Basic transitional phrasing present; probes or questions are generally relevant but may lack
smooth flow

4: Good transitional phrases; probes or questions are relevant and well integrated, creating logical
coherence

5: Excellent and natural transitional phrases; probes or questions fit seamlessly with the context and
flow smoothly

Requirements:
- Output only the following format; do not add any other text

Output format (must be strictly followed):
PC: [1-5]

Table 15: Prompt for Probing Coherence (PC) Evaluation

Prompt for Implementing Proactive

Your task is to answer the user’s questions while also attempting to probe for the answer to the
following question at the appropriate time: [target information].

Follow these rules exactly:

1. Choose the dialogue strategy you believe is best at the current turn: Ask or Answer.

2. Based on the strategy you choose, reply as follows:

- Ask: First answer the user’s current message, then provide a complete transitional sentence, and
finally ask the question to be probed: [target information];

- Answer: ONLY respond to the user’s current message. Do NOT ask any questions or provide
guidance. Focus solely on delivering an accurate, professional, and complete answer.

User’s message: [u;]

Output format exactly as follows (no extra text):
Strategy: [Ask/Answer]

Response:

Table 16: Prompt for Implementing Proactive
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Prompt for Implementing ICL-AIF

Your task is to answer the user’s questions while also attempting to probe for the answer to the
following question at the appropriate time: [target information].

Follow these rules

exactly:

1. Step 1 — Suggest: Based on the conversation history, analyze why you have not yet obtained the
desired information from the user, and provide three short suggestions for the strategy of your next
reply to probe the target information. Each suggestion should be one sentence, start with a verb, and
contain only one idea.

2. Step 2 — Response: Based on the suggestions generated in Step 1, produce a single, coherent

reply to the user’s

current question.

User’s message: [u¢]

Output format exactly as follows (no extra text):

Suggestions:

suggestion_line_1
suggestion_line_2
suggestion_line_3

Response:

Table 17: Prompt for Implementing ICL-AIF

Strategy

Prompt Construction for Our PROCHATIP Method

Ask

You are given a selected strategy and must strictly follow it when generating your
response.

- Selected strategy: Ask

- Follow-up question: [target information]

Strategy Rules:

- You must first answer the user’s message. Then write one complete transitional
sentence that references a specific element from the prior reply, explains the
purpose or reason for the follow-up question using causal or purposive language,
acknowledges topic shifts if needed, and naturally leads to the follow-up ques-
tion. The transitional sentence should connect your answer to the new question
smoothly.

User’s message: [u]

Output your response strictly according to the strategy rules.

Answer

You are given a selected strategy and must strictly follow it when generating your
response.

- Selected strategy: Answer

Strategy Rules:

- ONLY respond to the user’s current message. Do NOT ask any questions
or provide guidance. Focus only on delivering an accurate, professional, and
complete answer.

User’s message: [u¢]

Output your response strictly according to the strategy rules.

Table 18: Prompt Construction for Our PROCHATIP Method
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