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Abstract

Proactive dialogue has emerged as a critical
and challenging research problem in advanc-
ing large language models (LLMs). Existing
works predominantly focus on domain-specific
or task-oriented scenarios, which leads to frag-
mented evaluations and limits the comprehen-
sive exploration of models’ proactive dialogue
abilities. In this work, we propose Proac-
tiveEval, a unified framework for evaluating
proactive dialogue capabilities of LLMs. This
framework decomposes proactive dialogue into
target planning and dialogue guidance, estab-
lishing evaluation metrics across various do-
mains. Moreover, it also enables the automatic
generation of diverse and challenging evalua-
tion data. Based on the proposed framework,
we develop 328 evaluation environments span-
ning 6 distinct domains. Through experiments
with 22 different types of LLMs, we show that
DeepSeek-R1 and Claude-3.7-Sonnet exhibit
exceptional performance on target planning and
dialogue guidance tasks, respectively. Finally,
we investigate how reasoning capabilities influ-
ence proactive behaviors and discuss their im-
plications for future model development. Our
code and data are available at the repository.

1 Introduction

Dialogue agents powered by large language mod-
els (LLMs) have demonstrated remarkable abilities
in various dialogue tasks (Wang et al., 2024; Niu
et al., 2024; Zhang et al., 2024a). However, these
models typically interact with users in a reactive
manner, where users are required to initiate and
guide the conversation by integrating complex con-
text (e.g., personal state, external environment, and
agent’s information). This user-initiated paradigm
imposes cognitive demands on participants (Wan
et al., 2024), reduces sustained motivation (Croes
and Antheunis, 2021), and limits agents’ potential
for autonomous problem solving (Lu et al., 2024).
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Figure 1: Interaction diagram for proactive dialogue
agents, which can anticipate user needs based on the
environment information, formulate hierarchical plans,
and guide the conversation towards specific targets.

Therefore, proactive dialogue agents (Wang
et al., 2023; Deng et al., 2023a; Lu et al., 2024;
Shaikh et al., 2025) ' have attracted growing re-
search attention. As shown in Figure 1, proactive
agents can anticipate user needs, make adaptive
plans, and guide conversations towards specific
targets (Deng et al., 2025). For instance, when
the user works with smart glasses, the agent can
recognize potential challenges based on user be-
havior and proactively offer accurate assistance
and care without explicit user requests (Yang et al.,
2025b). This can noticeably enhance the efficiency
of human-AI collaboration and reduces user cogni-
tive load (Chaves and Gerosa, 2021).

Recent research has explored methods to en-
hance the proactive capabilities of LLMs across
varied scenarios. For instance, Deng et al. (2023b,
2024) employ strategies like chain-of-thought
(CoT) reasoning and plug-and-play planners to
strengthen LLMs’ ability to autonomously plan
and act in conversational contexts. Concurrently,
Liu et al. (2024b); Cai et al. (2025); Chen et al.
(2024) focus on developing proactive agents for
specialized domains, such as emotional support

'For brevity, “proactive dialogue agents” is abbreviated as
“proactive agents.”

41068

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 41068-41100

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/liutj9/ProactiveEval

dialogues, smart glasses interfaces, and system op-
eration support. Despite these advances, existing
evaluation frameworks often rely on datasets for
specific tasks and domains, employ inconsistent
evaluation criteria, and utilize disparate metrics.
The lack of standardized formalizations and gen-
eral benchmarks poses challenges in comparing the
proactivity of different models in a comprehensive
way. Hence, there is an urgent need for a unified
evaluation framework to assess and advance LLMs’
proactive dialogue abilities across domains.

To address the challenges, we propose Proac-
tiveEval, a unified evaluation framework for as-
sessing proactive dialogue capabilities of LLMs.
Specifically, ProactiveEval divides proactive dia-
logue into two key tasks: target planning and di-
alogue guidance. For each task, we use “LLM-
as-a-judge” (Zheng et al., 2023) with task-specific
evaluation dimensions for comprehensive assess-
ment. Additionally, we propose an evaluation data
synthesis framework, which can automatically gen-
erate diverse and challenging evaluation data in
different domains. This framework leverages three
key innovations: (1) a hierarchical environment
topic tree to enhance the diversity of the synthe-
sized environment, (2) a target ensemble technique
to refine evaluation data, and (3) adversarial strate-
gies like obfuscation rewriting and noise injection
to increase environmental difficulty.

Building upon this framework, we establish 328
evaluation environments spanning 6 distinct do-
mains, one of which lacked public benchmarks
previously. We apply this dataset to assess 22
frontier LLMs, including GPTs, Llamas, Claude,
DeepSeek, Gemini, Grok, and Qwens. Our analysis
shows that DeepSeek-R1 and Claude-3.7-Sonnet
achieve top performance in target planning and
dialogue guidance, respectively. Notably, we ex-
plore how “thinking behavior” (Xu et al., 2025;
OpenAl, 2024) impacts proactive dialogue capa-
bilities. While these mechanisms benefit target
planning, they show no measurable impact on dia-
logue guidance. Further analysis reveals thinking
models can reduce passive tones. However, some
of them adopt a more aggressive style, and decrease
conversational naturalness in proactive dialogue.

2 Related Work

2.1 Proactive Dialogue

In proactive dialogue, LLMs are no longer passive
assistants awaiting user input. Instead, they are

capable of inferring user needs from user informa-
tion and trigger factor, enabling them to proactively
plan, initiate dialogue, and guide the user toward
the target. Several studies has explored various
facets of model capabilities. For instance, some
benchmarks are developed to assess the model’s
ability to clarify ambiguity (Qian et al., 2024;
Zhang et al., 2024c) or guide users in complex tasks
like negotiation (Deng et al., 2024; Zhang et al.,
2024b). Other studies have focused on prerequisite
skills such as goal prediction and planning before
dialogue (Zhang et al., 2024d; Zheng et al., 2024).
However, these efforts are fragmented, with a lack
of standardization in environments, formats, and
metrics, hindering a comprehensive understanding
of a model’s overall proactivity.

Building on these capabilities, recent works de-
velop proactive agents for real-world applications,
such as providing life guidance (Li et al., 2025a) or
offering reminders via smart glasses (Cai et al.,
2025). However, their evaluation is often con-
strained by the absence of robust benchmarks and a
heavy reliance on small-scale, high-cost user stud-
ies. Motivated by the challenges of fragmented
capability assessment and limited agent evaluation,
our work proposes a general and comprehensive
framework to establish a unified methodology for
evaluating proactive dialogue.

2.2 Interactive Benchmarks

Previous dialogue benchmarks typically evaluate
turn-level performance based on fixed contexts and
reference responses (Liu et al., 2021a; Bai et al.,
2024; Jin et al., 2024). However, to assess models’
dialogue abilities in real-world conditions, increas-
ing studies have applied interactive benchmarks to
measure dialogue-level performance (Zhou et al.,
2023b; Aluffi et al., 2025; Castillo-Bolado et al.,
2024). They require the evaluated model to chat
with a standardized simulated user dynamically and
assess performance throughout the conversation.
For example, 7-bench (Yao et al., 2024) facilitates
multi-turn dialogues to evaluate tool-calling capa-
bilities in interaction. In proactive dialogue evalu-
ation, Zhang et al. (2024b) instructs models to in-
teract with simulated users having different person-
alities, evaluating dialogue guidance. Inspired by
these studies, our work employs interactive bench-
marks where the model initiates proactive dialogue
and guides various users to the target.
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Domain Abbr. Brief Description

Recommendation (Liu et al., 2021b) Rec. Recommend products, hobbies, or work based on common interests.
Persuasion (Jin et al., 2024) Per.  Guide the conversation to persuade users to change their state.
Ambiguous Instruction (Deng et al., 2023b)  AI.  Seek clarification about vague elements in the user’s instructions.
Long-term Follow-up (Liu et al., 2024b) LF. Inquiries and check user states based on previous dialogue history.
System Operation (Lu et al., 2024) Sys.  Assist users in solving the system problem based on their operation.

Glasses Assistant (Cai et al., 2025) GAs.

Provide real-time assistance from observation on smart glasses.

Table 1: The proactive dialogue domains in ProactiveEval.

3 Task Definitions

To construct a general evaluation framework, we
first structurally unify the existing proactive dia-
logue domains and tasks. Table 1 presents 6 proac-
tive dialogue domains derived from previous work.
Based on existing works (Deng et al., 2023b, 2025),
we decompose proactive dialogue into two sequen-
tial tasks: target planning and dialogue guidance.

3.1 Target Planning

In proactive agents, the target planning task re-
quires the model to formulate both a primary ob-
jective T and a sequence of sub-targets .S based on
its understanding of the environmental context E.
Here, T represents the agent’s intended proactive
action to accomplish a predefined goal, while S
constitutes the stepwise plan for executing 7. This
process is formally defined as:

T,S=Fy, (UF|(UF)cE), ()

where 6); denotes the model’s parameters, and
(U, F') denotes inputs from environment E, includ-
ing user information U and trigger factors F' that
motivate agent to initiate and guide the dialogue.

For evaluation, we employ a reference-based
“LLM-as-a-judge” method (Zhang et al., 2025; Li
et al., 2025b) to assess the quality of generated tar-
gets and sub-targets. Particularly, the judge model
receives the environment I, the generated target 7,
and sub-targets S, as well as the reference target
T, and sub-targets S, that represent high-quality
proactive dialogue targets in this environment. By
comparing the generation with the reference, the
model assigns a score between 1 and 10, where
higher scores indicate superior quality, with 10 de-
noting generated content surpassing the reference
standard in the given environment.

3.2 Dialogue Guidance

After target planning, the model needs to initiate
the dialogue and guide the user to the target. It
receive the environment F, target T', sub-targets

S, and dialogue context C' to conduct dialogue D
with the simulated user 0.

This task employs an interactive evaluation,
where the simulated user dynamically responds
to the model, based on environment F, dialogue
context C, and an adjustable agreeableness level A.
To simulate diverse users, we adopt Agreeableness
from the Big Five personality traits (Costa Jr et al.,
1991), in three tiers: “low”, “medium”, and “high”.
A lower agreeableness level signifies stronger re-
sistance to the model’s guidance, thus increasing
task difficulty and realism. The dialogue terminates
upon reaching target 7" or a maximum of [ turns.
The dialogue at each turn 7 can be formulated as:

D; =1Iy,,6,(E,T,S,C, A). 2)

After the dialogue, the judge model will evaluate
the guidance exhibited by the model in the dialogue
D, based on the environment F, the target 7', and
the sub-targets S. Referring to existing works on
proactive dialogue (Deng et al., 2024; Wang et al.,
2023; Zhang et al., 2024b; Liu et al., 2024b), we
specify the following evaluation dimensions:

 Effectiveness: The model should guide users
step by step toward the target through multi-turn
interaction, rather than delivering all information
in a single turn. Failure to achieve the target or
guide the user will result in point deductions.

* Personalization: The guidance should tailor
user’s specific background and context, rather
than offering one-size-fits-all suggestions.

* Tone: The message tone of guidance should be
active and contextually appropriate. Especially
when proactively initiating the conversation, the
assistant should avoid a passive, reactive tone.

* Engagement: The guidance should be clear and
concise to improve user engagement and reduce
burden, avoiding overly lengthy messages.

* Naturalness: Messages should align with natu-
ral chat, avoiding unnatural formats or task meta-
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Figure 2: Overview of the evaluation dataset generation pipeline. The pipeline is mainly divided into (a) data
synthesis: generating the environment and reference target based on the topic tree for evaluation; (b) data refinement:
improving the difficulty of the data through obfuscation rewrite and noise injection to produce the final dataset.

data leaks (e.g., “turn n” labels) that should not
appear in conversation.

The detailed standards for each dimension are
presented in Appendix E.4. Finally, the judge
model refers to the environment, target, dialogue,
and standards across different dimensions to give
an overall guidance score between 1 and 10. A
higher score indicates stronger guidance.

4 Evaluation Data Generation

As illustrated in Figure 2, our pipeline includes two
stages: data synthesis and data refinement. First,
the synthesis stage generates diverse environments
guided by a topic tree and creates high-quality ref-
erence targets by target ensemble. Then, the refine-
ment stage identifies simple instances and increases
their complexity through obfuscation rewrite and
noise injection. The applied models, prompts, and
cases in the pipeline are shown in the Appendix C.

4.1 Environment Topic Tree Construction

We employ human-Al collaboration to develop a
hierarchical topic structure that enhances synthetic
environment diversity (Wan et al., 2023; Cao et al.,
2025). The framework initiates with a root node
denoting broad domains (e.g., persuasion), while
first-level sub-topics are derived from existing di-
alogue datasets. The LLM iteratively generates

candidate sub-topics within configurable depth and
branching constraints. To maintain quality control
and eliminate duplication, these generated topics
are validated and refined by researchers rigorously.
The final curated topic tree guides the creation of
specific evaluation environments.

4.2 Environment & Target Generation

The evaluation data include an environment F, a
reference target 7., and sub-targets S,. Conse-
quently, we leverage the LLM to generate specific
evaluation environments based on the domain re-
quirements, data examples, and the topics.

For the generation of reference targets and
sub-targets, our framework aims to construct cor-
rect and reasonable targets and sub-targets that
serve as reliable references within the given en-
vironment. Recognizing that individual model-
generated plans often display complementary
strengths and limitations, we adopt a target
ensemble approach to refine reference target.
Specifically, the framework first performs high-
temperature sampling to yield diverse candidate tar-
gets {(11,51), (T2,S2), ..., (T, Sp)} (withn =
5 in our work). Next, the LLM evaluates the
strengths and weaknesses of each output from mul-
tiple dimensions. By combining the strengths and
mitigating the weaknesses, the reference target and
sub-targets are derived.

41071



4.3 Environment Refinement

In this stage, we first evaluate the difficulty of test
environments. Specifically, we deploy three mod-
els, with varying parameter scales, to act as reason-
ers of different capabilities. For each input envi-
ronment, these models independently predict the
target, denoted as ¢,,,. Then, a model will evaluate
how many of the predicted targets ¢,, convey a sim-
ilar meaning to the reference target ¢,., determining
the difficulty of the environment. Environments
where the majority correctly predict the target are
classified as easy candidates requiring refinement.

In real-world conditions, the environment re-
ceived by models is often incomplete and frag-
mented, filled with irrelevant noise. Therefore, in
refinement, we first apply the obfuscation rewrite
strategy, allowing the LLM to transform content
into dispersed and detailed descriptions. The frame-
work also applies noise injection to introduce LLM-
generated irrelevant information to the environ-
ment. After refinement, the test environment is
surrounded by complex and disordered informa-
tion, significantly increasing the difficulty of tar-
get planning. In this process, seed data manually
crafted by researchers is provided as examples to
enhance the quality of rewriting and noise injection.
To improve adaptability between refinement and
domains, each domain can provide specific rules
in obfuscation rewrite, presented in supplementary
materials. To keep the reference’s correctness, the
rewrite and noise injection of trigger factor con-
tain the original data’s reference target, preventing
additional events that lead to other targets.

The refinement process involves multiple itera-
tions until few or no models predict the target cor-
rectly, or until reaching 5 turns maximum. Before
incorporating into the dataset, we apply 5 leading
LLMs to validate the reference target. Only those
where the majority judges the reference as best
target form the final dataset.

5 Experiments

5.1 Experimental Setups

Datasets. Based on the framework, we use GPT-
40 (Hurst et al., 2024) to synthesize ProactiveEval,
including 328 evaluation environments across 6 do-
mains. Compared with previous fragmented bench-
marks, these data integrate all mainstream domains
of proactive dialogue, featuring a unified format
and applicability to all tasks in proactive dialogue.
The statistic for dataset is presented in Figure 3.

Fair
30
Target . Fair
Planning 2
Rec. GAs.
51 45
Fair
31 Fair
22

ProactiveEval

TopDial

PersuasionforGood Al

Dialogue 57

Guidance Fair
"B

Ours

CraigslistBargain

Figure 3: The features and statistic for ProactiveEval.
The GAs. (Glasses Assistant) domain lacks public
benchmarks for the proactive dialogue task before.

To streamline evaluation, we categorize the dataset
into two tiers: Fair (i.e., just one LLM predicts cor-
rectly) and Hard (i.e., no LLM predicted correctly).

Protocols. Based on the dataset, we assess 22
models with different scales, including 5 thinking
models and 6 hybrid thinking models. In our exper-
iments, we employ GPT-4o as the judge model for
both tasks, which also serves as simulated user in
dialogue guidance. It is used to determine whether
to terminate the dialogue early based on target com-
pletion at the end of each turn. The temperature
setting for all models in the evaluation is set to 0.
To balance evaluation time and accuracy, we set
the maximum turns of dialogue to 6, with the most
recent 3 turns serving as models’ memory window.

To enhance the stability of the “LILM-as-a-
Judge”, we instruct the model to output its rea-
soning process before scoring in all task. For target
planning, we use a reference to improve evaluation
accuracy and provide the model with in-context
learning shots. In dialogue guidance, we provide
detailed descriptions and brief examples for each
dimension to ensure the model has a better under-
standing of the criteria. The evaluation prompts
and the robustness of the results are detailed in the
Appendix E.

5.2 Result
5.2.1 Target Planning

In target planning task, Claude-3.7-Sonnet and
DeepSeek-R1 achieve the highest performance.
In the non-thinking models, Claude-3.7-Sonnet
outperforms other models in overall plan qual-
ity. Among the thinking models, DeepSeek-R1
generates plans with the highest average qual-
ity. However, in specific domains, certain smaller
models demonstrate superior performance com-
pared to larger models. For instance, in the non-
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Models Target Planning Dialogue Guidance
Avg. Rec. Per. AL LF. Sys. GAs| Avg. Rec. Per. AL LF. Sys. GAs.
Non-Thinking Models
Qwen2.5-7B-Instruct 493 4.69 4.06 567 534 489 524|806 805 7.85 834 836 748 8.16
Qwen?2.5-14B-Instruct 555 576 413 6.00 597 6.03 6.22 | 821 833 8.05 864 842 7.52 8.04
Qwen?2.5-32B-Instruct 544 547 390 579 6.03 6.11 6.22 | 823 856 810 856 852 7.60 7.81
Llama-3.1-8B-Instruct 587 555 484 6.67 639 595 6.20 | 839 884 8.06 861 839 793 846
Llama-3.1-405B-Instruct ~ 6.63 6.76 5.26 6.61 7.26 7.10 7.64 | 860 9.15 8.27 890 857 7.89 8.80
GPT-4.1 6.86 690 525 729 736 754 17.76 | 8.61 9.03 837 887 8.76 8.08 8.43
Grok-3 699 7.13 538 7.44 754 7.62 7.78 | 884 9.10 872 894 898 832 8.86
DeepSeek-V3 6.54 696 594 6.04 6.07 727 7.84|878 878 8.60 899 898 8.52 8.79
Llama-4-scout 6.02 571 529 6.16 649 641 6.56 | 853 894 835 8.65 844 803 874
Llama-4-maverick 6.48 625 510 7.09 7.05 7.11 7.00| 848 9.01 819 8.69 841 8.01 8.55
Qwen3-8B 6.05 635 452 623 639 686 697|850 870 836 884 882 7.58 8.40
Qwen3-14B 591 596 480 623 6.16 6.65 640 | 861 882 824 912 876 799 8.66
Qwen3-32B 6.67 6.86 529 654 684 7.65 8.02 | 861 877 842 891 816 797 874
Qwen3-235B-A22B 643 6.18 526 621 6.77 754 17.60 | 855 893 846 8.67 8.66 7.83 8.53
Qwen3-235B-A22B-0725 691 7.08 6.25 6.79 6.51 7.81 7.82|898 936 884 940 885 842 8.88
Gemini-2.5-Flash-Preview 6.25 6.04 548 695 649 6.54 633|834 862 791 8.68 857 7.81 842
Claude-3.7-Sonnet 739 722 671 681 813 749 842 |9.01 931 9.01 894 9.10 836 9.18
Thinking Models

R1-Distill-Qwen-7B 5.01 4.67 390 547 570 524 556|682 6.71 6.67 7.15 720 636 6.61
R1-Distill-Qwen-14B 6.57 6.86 5.65 6.777 638 654 7.87|747 769 745 7.61 780 6.83 7.17
R1-Distill-Qwen-32B 645 641 529 675 695 641 751|749 7.62 702 8.06 7.76 7.14 7.20
DeepSeek-R1 7.60 7.84 7.27 674 759 759 9.02 | 8.60 848 860 873 891 834 837
Qwen3-8B 6.51 692 539 647 6.72 6.68 7.60 | 838 837 833 859 870 7.92 8.17
Qwen3-14B 6.70 6.73 552 7.01 6.82 730 7.67 | 843 852 848 893 8.88 8.03 8.27
Qwen3-32B 698 6.82 597 7.09 739 727 798|855 868 852 870 872 8.15 8.30
Qwen3-235B-A22B 6.81 6.75 594 652 690 7.54 8.04|836 826 841 8.10 881 8.17 8.29
Gemini-2.5-Flash-Preview 6.52 6.10 5.77 7.39 698 6.19 6.80 | 843 890 8.03 8.70 8.51 7.99 848
Claude-3.7-Sonnet 740 7.12 6.83 696 7.78 7.57 8.60 | 8.95 9.20 8.86 890 9.23 8.40 9.01
Gemini-2.5-pro 695 694 626 7.16 698 724 7.62 | 877 922 836 832 899 888 832

Table 2: Model performance results under farget planning and dialogue guidance. Marker indicates the best

performance among non-thinking models, while Marker indicates the best performance among thinking models.

thinking models, Qwen3-32B outperforms Claude-
3.7-Sonnet in System Operation (Sys.). In the
thinking models, Qwen3-8B outperforms both
Qwen3-32B and Qwen3-235B-A22B in the Rec-
ommendation (Rec.).

In general, thinking models perform better
than non-thinking models in target planning.
All thinking models show improvements in over-
all performance compared to their corresponding
non-thinking models. Moreover, smaller models
with thinking can outperform larger models without
thinking. However, for some models, the improve-
ment after adopting thinking is minimal or even
negative in certain domains. Additionally, in some
scenarios, non-thinking models still achieve the
best performance. For instance, Grok-3 achieves
the highest performance in Ambiguous Instruction
(AL). These findings underscore the advantages
of thinking mechanisms in target planning while
simultaneously highlighting the robust capabilities
of top-tier foundation models, which excel even

without explicit thinking process.

5.2.2 Dialogue Guidance

In dialogue guidance task, Claude-3.7-Sonnet
shows the best performance among models in
both non-thinking and thinking modes. In
specific domains, DeepSeek-V3 and Grok-3 also
demonstrate exceptional guidance capabilities. No-
tably, while larger models generally exhibit strong
guidance capabilities, some smaller models outper-
form their larger variants. For instance, in the Glass
Assistants (GAs) domain, Qwen2.5-7B-Instruct
performs better than Qwen2.5-32B-Instruct. Ad-
ditionally, Qwen3-32B exhibits better overall per-
formance than Qwen3-235B-A22B in both non-
thinking and thinking modes. These results high-
light the robust guidance capabilities of current
leading LLMs while also reflecting the potential of
smaller models in dialogue guidance.

Current thinking models fail to outperform
on-thinking models in dialogue guidance. Most
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Figure 4: The visualization of Further Analysis. (a) Average performance across difficulty levels. (b) Comparison
of different versions under low agreeableness users. (c) Target density comparison on non-thinking and thinking
models. (d) The correlation of instruction-following and guidance score. (e) Passive tone frequency in Per. domain.

of the thinking models exhibit varying degrees of
decline in guidance capabilities when compared to
their no-thinking counterparts. Only a few mod-
els (e.g., Gemini-2.5-Flash-Preview) show a slight
improvement in guidance performance in thinking
mode. These findings highlight the current limita-
tions of thinking models in steering users toward
target objectives during proactive interactions.

6 Further Analysis

6.1 Effects of Domain and Difficulty

First, model proactivity shows a significant
cross-domain imbalance. Even advanced mod-
els exhibit substantial gaps between their strongest
and weakest domains. This allows smaller models
to outperform larger models in specific domains (as
shown in Findings 5.2.1 and 5.2.2). Furthermore,
certain domains pose universal challenges, with
models generally struggling in Persuasion (Per.)
for target planning and System Operation (Sys.)
for dialogue guidance, highlighting current weak-
nesses in proactive dialogue regardless of size.
Task difficulty is also a crucial determinant of
performance. As shown in Figure 4(a), the proac-
tivity of all models generally declines as task diffi-
culty increases. However, the performance gap be-
tween guiding users with high and mid-level agree-
ableness is not substantial, likely because models

can leverage additional dialogue turns to eventu-
ally achieve the target. Moreover, some thinking
models demonstrate a distinct advantage when in-
teracting with users of low agreeableness, shown
in Figure 4(b). Their ability to generate longer,
deliberated content with personalized advice and
examples better engages resistant users. This shows
that reasoning can improve dialogue guidance per-
formance in challenging environments.

6.2 Effects of Thinking

Despite thinking’s significant benefits for target
planning, non-thinking models surprisingly outper-
form their thinking version in dialogue guidance.
We investigate this phenomenon through metrics
and case studies.

Some thinking models adopt a more aggres-
sive strategy by providing more sub-targets
at once. We introduce a metric annotated by
DeepSeek-V3, Target Density, as the number of
sub-targets contained per message. As shown in
Figure 4(c), we observe two distinct interaction
patterns: Models like Qwen and DeepSeek exhibit
significantly higher average target density in their
thinking versions. More critically, their initiation
target density shows larger gaps, indicating they
front-load multiple sub-targets in opening mes-
sages rather than interact with users more turns.
We show this behavior in Figure 5(A), where the
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John's schedule”, "Provide practical tools or apps to track and stay consistent”, "Motivate with improved well-being and
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Not suitable for initiation x
(User says nothing before.)

Figure 5: Examples of different dialogue guidance
styles. Model in (A) is pushy and leaks metadata, while
model in (B) uses personalized and patient guidance.
The model in (C) uses passive tones to initiate dialogue.

model includes all sub-targets in the first message
to push the user for a response. However, mod-
els like Gemini-2.5-Flash-Preview and Claude-3.7-
Sonnet maintain similar and small target density
between thinking and non-thinking versions, with
initiation target density also close to the average.
This result suggests they gradually introduce sub-
targets through multi-turn interactions. We present
this behavior in Figure 5(B), where the model grad-
ually guides users to accept.

Thinking models generate less natural mes-
sages that break the format of conversation. We
find that thinking models generate more messages
that do not conform to a standard conversational
format. For instance, some models reveal metadata
in their messages (e.g., “sub-target 1: ...”) or gener-
ate multiple turns of dialogue at once without user
interaction (e.g., “turn 1: ..., turn 2: ...””). The cause
of this result may be related to a decline in the
instruction-following capabilities of the thinking
models (Li et al., 2025¢c). As shown in Figure 4(d),
we compare performance on IFEval (Fourrier et al.,
2024), a benchmark for instruction-following capa-
bilities (Zhou et al., 2023a), and find that models
that perform better on IFEval also tend to exhibit
better performance in dialogue guidance.

Thinking models demonstrate more proactive
initiation tones. In the dialogue guidance task, we
identify a representative initiation template in Per-
suasion domain: “sounds like...” (shown in Figure
5(C)). It is a passive phrasing and unsuitable for
initiation. Therefore, we use this template as an
analytical probe, measuring its prevalence in each
model’s first message. As shown in Figure 4(e), we
find that the thinking decrease this passive tendency.
This result indicates that thinking helps the model

to better understand the task requirements of proac-
tive dialogue. Furthermore, we observe that the
Qwen and Gemini-2.5-Flash-Preview series mod-
els exhibited a higher frequency of this template,
while the DeepSeek and Claude-3.7-Sonnet series
models perform comparatively better.

6.3 Effects of Target

To investigate the importance of target in dialogue
guidance, we conduct an ablation study where mod-
els guide the dialogue without targets. We test a
smaller model (Qwen2.5-7B-Instruct) and a top-
tier model in two modes (Claude-3.7-Sonnet) on
10 randomly sampled environments per domain. As
shown in Table 3, all models show performance de-
cline, indicating the critical role of explicit targets.
Notably, smaller models show greater degradation
than stronger ones, indicating higher reliance on
high-quality target.

Model Target Without Target Change (%)
Qwen2.5-7B-Instruct 8.15 6.05 -25.80%
Claude-3.7-Sonnet 8.92 7.98 -10.54%
Claude-3.7-Sonnet-Thinking  8.98 7.93 -11.69%
Dialogue Count 180 180

Table 3: The guidance under different target condition.

7 Human Evaluation

We randomly sample 100 generated targets and dia-
logues from our evaluation results. Next, these tar-
gets and dialogues are manually assessed based on
the reference and score standards by 2 researchers.
The scores are used to calculate consistency with
the evaluation results judged by the LLM. The
Kappa test is commonly employed in human eval-
uation of LLM-as-a-judge work. Thus, we adopt
the Weighted Kappa (Cohen, 1968) to examine the
agreement between human evaluators and the judge
model in the evaluation. Results show weighted
kappa of 0.784 for target planning and 0.730 for di-
alogue guidance, demonstrating strong consistency
between judge model and human evaluations.

Additionally, we conducted an ablation study
on the judge protocol using the same 100 human-
evaluated samples. As shown in Table 4, each
component of our protocol progressively improves
agreement with human evaluators. For target plan-
ning, the kappa increases from 0.080 to 0.784 with
the full protocol. For dialogue guidance, adding
rubrics and COT reasoning improves the kappa
from 0.631 to 0.730. These results demonstrate the
effect of our designed evaluation protocol.
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Target Planning Dialogue Guidance
Method Kappa Method Kappa
Vanilla Prompt 0.080 Vanilla Prompt  0.631
+ Reference 0.643  + Rubrics 0.643
+ Ref & ICL Shots 0.744  Full Protocol 0.730
Full Protocol (+ CoT)  0.784 (+ CoT) ’

Table 4: Ablation study on judge protocol. Weighted
Kappa with human evaluators under incremental proto-
col components.

8 Conclusion

In this paper, we introduce ProactiveEval, a uni-
fied evaluation framework for proactive dialogue
Agents. We propose a general definition and evalua-
tion metrics for proactive dialogue tasks to address
the current challenge of fragmented task definitions
and evaluation methods. Furthermore, we design a
synthetic framework for generating evaluation data
for proactive dialogue tasks, capable of producing
diverse and high-quality evaluation data across mul-
tiple domains. Based on the evaluation datasets, we
assess 22 LL.Ms with different types and parame-
ter scales. Our results highlight DeepSeek-R1 and
Claude-3.7-Sonnet as top performers in proactiv-
ity. Moreover, we emphasize the important role of
reasoning capabilities in shaping model proactivity.
We hope our framework provides insights and sup-
ports progress in proactive dialogue development.

Limitations

While our work establishes a general evaluation
framework for proactive dialogue agents, it is sub-
ject to several limitations. Firstly, with the rapid
evolution of LLM technologies, they are likely to
quickly approach the boundaries of current evalua-
tion metrics in target planning and dialogue guid-
ance. Therefore, it is imperative to continue ex-
ploring ways to synthesize a more challenging and
realistic proactive dialogue environment. In eval-
uation metrics, although we have designed stan-
dards based on existing work on proactive dialogue,
there may still be additional factors in real-world
settings that affect users’ perceptions of models’
proactive dialogue. Furthermore, despite achieving
great consistency between LLM judgment and hu-
man evaluation, potential biases and gaps in “LLM-
as-a-judge” may still exist in our framework. For
example, different models may exhibit varying sen-
sitivities to the evaluation prompts, and the judge
model occasionally overlooks hard-coded rules in

the rubrics. We plan to regularly update our frame-
work, from the current version to future iterations,
to integrate emerging advancements and address
these limitations.
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A Details of Evalution Models

In this section, we present the details of models
used in our experiments.

Non-Thinking Models
(Yang et al., 2024), Qwen2.5-14B-Instruct,
Qwen2.5-32B-Instruct, GPT-4.1, Grok-3,
DeepSeek-V3(Liu et al., 2024a), Llama-3.1-
8B-Instruct (Grattafiori et al., 2024), Llama-
3.1-405B-Instruct, Llama-4-Scout (Meta, 2025),
Llama-4-Maverick, Qwen3-8B (Yang et al.,
2025a), Qwen3-14B, Qwen3-32B, Qwen3-
235B-A22B, Qwen3-235B-A22B-2507, Gemini-
2.5-Flash-Preview, (DeepMind, 2025), and
Claude-3.7-Sonnet (Anthropic, 2025).

: Qwen2.5-7B-Instruct

Thinking Models R1-Distill-Qwen-7B
(Guo et al., 2025), RI1-Distill-Qwen-14B, RI1-
Distill-Qwen-32B, DeepSeek-R1, Qwen3-8B,
Qwen3-14B, Qwen3-32B, Qwen3-235B-A22B,
Gemini-2.5-Flash-Preview, Claude-3.7-Sonnet,
and Gemini-2.5-pro.

B Overview of Proactive Dialogue
Systems Works

Table 6 presents previous works in proactive di-
alogue, categorized by domain, task, evaluation
methods, and metrics.

C Details on the Evaluation Data
Generation Pipeline

C.1 Empowered Models and Settings in the
Pipeline

For topic tree construction and environment &
target generation, we use GPT-40 with tempera-
ture 0.6 to balance generation quality and diver-
sity. In target ensemble, we also use GPT-40 but
set temperature to O to ensure ensemble stability.
In the difficulty evaluation during Environment
Refinement, we employ three models of differ-
ent sizes—Qwen2.5-14B-Instruct, Qwen2.5-32B-
Instruct, and GPT-40—to predict targets, which

are then evaluated for correctness by GPT-40. All
models use temperature O in this process. The eval-
uation GPT-4o receives in-context learning shots
to aid correctness judgment. In the final check,
we use DeepSeek-R1, Grok-3, GPT-40, Claude-
3.7-Sonnet, and Gemini-2.5-Pro-Preview to verify
target correctness, all with temperature set to 0.

C.2 Description of Each Domain

Figure 6 shows the prompt template for each do-
main description. Each domain is defined with a
specific task and trigger condition. The following
dictionary specifies the role and behavior of the
assistant in each environment.

C.3 Topic Tree Construction

Figure 7 presents the prompt of topic tree construc-
tion. A recursive process generates sub-topics un-
der a parent topic to represent sub-scenarios requir-
ing proactive dialogue.

C.4 Data Synthesis

The data synthesis process consists of three stages:
environment generation, target generation and tar-
get ensemble. Firstly, Figure 8 shows the detailed
prompt of environment generation. It generates re-
alistic scenarios with user information and a trigger
factor. Figure 9 is the prompt of initial target gener-
ation. And Figure 10 shows the prompt and rule of
the target ensemble, which ensemble a high-level
target and its sub-targets based on the environment
and candidate targets.

C.5 Data Refinement

The data refinement process includes three stages:
obfuscation rewrite, noise injection and final
check. Figure 13 and Figure 14 show the prompt
of noise injection for user_information and
trigger_factor. This process aims to transform-
ing abstract descriptions into concrete, observ-
able behaviors. Figure 11 and Figure 12 is the
prompt of noise injection. It embeds key infor-
mation within a larger context to simulate real-
world scenarios. This process is applied separately
to user_information and trigger_factor. Fi-
nally, multiple leading models evaluates whether
the generated target is optimal within the environ-
ment, which prompt is shown in Figure 15.

41079



C.6 Case Presentation: Target Ensemble and
Data Refinement

An example of target ensemble is shown in Figure
19 and Figure 20, where multiple candidate targets
are analyzed and synthesized into a final best target.
Moreover, a case of data refinement is shown in
Figure 21.

D Case Study
D.1 Case Study for Target Planning

Table 8 presents a comparative case study of tar-
get planning across four models under the same
Glasses Assistant environment. The environment
contains rich contextual information interleaved
with irrelevant noise (e.g., coffee aroma, ceiling
cracks, pet adoption plans), requiring models to
accurately identify the user’s core focus from com-
plex observations.

DeepSeek-R1 achieves the highest score by gen-
erating a target that not only captures the thematic
connections between the two Renaissance paintings
but also personalizes the sub-targets to the user’s
professional background, linking them to his up-
coming workshop plans. GPT-4.1 identifies the cor-
rect theme but produces narrower sub-targets that
omit historical context. Gemini-2.5-Flash-Preview
generates an overly generic target lacking the speci-
ficity needed for meaningful proactive dialogue.
Most notably, Qwen2.5-7B-Instruct fails to iden-
tify the primary focus entirely, instead latching
onto an irrelevant noise detail about the building’s
age. This progression illustrates how stronger mod-
els better distinguish relevant signals from envi-
ronmental noise and produce more personalized,
actionable targets.

D.2 Case Study for Guidance Difference

Table 9 presents a representative example of tar-
get density, where the agent aims to recommend a
productivity app to a graphic designer. As shown
on the left, Model A ( delivers all four sub-targets
within a single first message, covering the app’s
minimalist design, the Pomodoro technique, per-
sonal experience, and professional relevance si-
multaneously. Although the information is com-
prehensive, this front-loaded strategy results in a
high target density of 4, making the message feel
overwhelming and sales-like rather than conversa-
tional. The user has to understand all the informa-
tion, which brings cognitive load and reduces their
interest in interaction.

In contrast, Model B on the right demonstrates a
gradual guidance approach. It opens by naturally
referencing the UI/UX workshop to spark curios-
ity, then introduces FocusFlow’s design and the
Pomodoro technique only after the user expresses
openness. Personal experience and professional
relevance are shared in subsequent turns, respond-
ing to the user’s growing interest. This results in
sub-targets being distributed across three turns with
an average target density of 1.67, closely mirror-
ing natural conversation patterns. Consequently,
Model B receives a higher guidance than Model
A. This case illustrates that effective proactive dia-
logue requires not only identifying the right target
but also pacing the delivery to maintain user en-
gagement and conversational naturalness.

E Details of Evaluation Protocols

Two main evaluation modules are used: Target
Planning and Dialogue Guidance.

E.1 Evaluation Data Examples by Domain

Each domain is instantiated with a specific user
context and a trigger factor that motivates the agent
to initiate a conversation. Table 7 provides example
environments and reference targets.

E.2 The Robustness of “LILM-as-a-Judge”

To assess the stability of our judge, we re-
ran the evaluation for two representative models
(DeepSeek-V3 and DeepSeek-R1) three times. Ta-
ble 5 below shows the standard deviation of the
scores from these runs. The low values demon-
strate the high internal consistency and stability of
our evaluation framework.

Task DeepSeek-V3  DeepSeek-R1  Count
Target Planning 0.271 0.258 328
Dialogue Guidance 0.154 0.214 984

Table 5: Standard deviation of evaluation scores across
three runs

Furthermore, in our evaluation, we identify sev-
eral failure cases, which mainly stem from the
judge model’s occasional neglect of rule-based cri-
teria in the rubrics. For example, although the
evaluation prompt explicitly specifies a length con-
straint of no more than 2 sentences or 50 words
per message (Figure 17), the judge model some-
times fails to accurately assess word counts and
overlooks clear violations. Similarly, for meta-
data leakage, the judge model may not only ignore
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such leakage but also be misled by it. For instance,
when an agent’s single message contains explicit
turn markers (e.g., “turn 1: ..., turn 2: ..., turn 3:
...”), the judge occasionally treats these as genuine
multi-turn interactions, thereby inflating the effec-
tiveness score rather than penalizing the format
violation. Future work could explore training dedi-
cated evaluators specifically for proactive dialogue,
or combining deterministic rule-based checks with
LLM-based judgments to improve the robustness
and reliability of the evaluation.

E.3 Evaluation Prompts for Target Planning

Figure 16 is the prompt for Target Planning,
which assesses the quality of the generated target
against a reference.

E.4 Evaluation Prompts for Dialogue
Guidance

Figure 17 is the prompt for Dialogue Guidance,
which evaluates the assistant’s ability to guide the
conversation toward the target.

E.5 Evaluation Prompts for Target Density

Figure 18 is the prompt for counting the Target
Density, which evaluates the number of sub-
targets in each message.
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Table 6: Summary of proactive dialogue systems across domains.

Work Domain Task Evaluation Methods Evaluation Metrics
TOPDIAL (Wang Recommendation Dialogue Guidance Static Benchmarks &  Automatic: BLEU, F1, Success
et al., 2023) HumanEval Rate
HumanEval: Proactiveness, Coher-
ence, Perceived Success
DuRecDial 2.0 Recommendation Dialogue Guidance Static Benchmarks &  Automatic: F1, BLEU, Leading
(Liet al., 2024) HumanEval Success Rate, User Topic Consis-
tency Rate
HumanEval: Fluency, Appropriate-
ness, Informativeness, Proactivity,
Knowledge Accuracy
PersuasionDaily Persuasion Dialogue Guidance Static Benchmarks + Automatic: Win-Rate, ROUGE
(Jin et al., 2024) LLM-as-a-Judge & Hu- HumanEval: Human Rating
manEval
PersuasionForGood Persuasion Dialogue Guidance Static Benchmarks Automatic: Accuracy, Macro-F1
(Wang et al,
2019)
CLAMBER Ambiguous Instruction  Target Planning & Dia- Static Benchmarks &  Automatic: BERTScore, Accuracy,
(Zhang et al., logue Guidance HumanEval F1, Expected Calibration Error,
2024c¢) AUROC
HumanEval: Helpfulness
In3 (Qian et al., Ambiguous Instruction  Target Planning & Dia- Interactive Automatic: Judgment Accuracy
2024) logue Guidance Benchmarks
ComPeer (Liu Long-term Follow-up Target Planning & HumanEval Questionnaire and Interview
et al., 2024b) Single-turn Initiation
LD-Agent (Li  Long-term Follow-up Dialogue Guidance Static Benchmarks &  Automatic: BLEU, Search Accu-
et al., 2024) HumanEval racy, Recall, Topic Overlap Score,
Semantic Relevance Score
HumanEval: Coherence, Fluency,
Engagingness
ProactiveBench System Operation Target Planning Interactive Precision, Accuracy, F1-Score,
(Lu et al., 2024) Benchmarks False-Alarm Rate
AiGet (Cai et al., Glasses Assistant Target Planning & HumanEval Questionnaire and Interview
2025) Single-turn Initiation
SocialMind Glasses Assistant Target Planning & HumanEval Questionnaire and Interview
(Yang et al, Single-turn Initiation
2025b)
Satori (Li et al., Glasses Assistant Target Planning & HumanEval Questionnaire and Interview
2025a) Single-turn Initiation
Ours All 6 Domains Unified Task: Target Interactive Unified Metrics: Quality & Guid-
Planning & Dialogue Benchmarks + LLM- ance
Guidance as-a-Judge & Hu-
manEval
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Table 7: Example environments and reference targets for each domain.

Domain

Environment Example

Reference Target

Recommendation

user_information: The user is a 32-year-old woman living in
Hangzhou. She works as a graphic designer and enjoys exploring
new art exhibitions in her free time. She loves experimental
music, particularly electronic avant-garde, and often attends
live performances at local venues. She dislikes mainstream
pop music and prefers unique, unconventional sounds. Her
favorite artist is Ryuichi Sakamoto, and she often reads about
the intersection of music and technology.

trigger_factor: The assistant recently attended a virtual real-
ity music experience at an art gallery, which featured an experi-
mental electronic avant-garde performance. The event combined
immersive visuals with cutting-edge sound design, leaving a
lasting impression on the assistant.

target: Recommend experimental
virtual reality music experience
sub-target:

Ask about the user’s interest in mu-
sic technology, Describe the assistant’s
recent immersive VR music event

Highlight the fusion of visuals and
avant-garde music

Suggest attending similar VR expe-
riences locally

Persuasion

user_information: The user is frequently tempted by impulse
purchases and often exceeds their budget limits. They find bud-
geting tedious and restrictive.

trigger_factor: The assistant has recently learned effective
budgeting techniques that can help the user manage their finances
better without feeling constrained.

target: Encourage effective and en-
joyable budgeting techniques
sub-target:

Acknowledge the user’s struggles
with impulse purchases and budgeting,
Introduce flexible and engaging bud-
geting methods

Show the benefits in managing fi-
nances without restrictions

Offer simple steps or tools to start
budgeting effectively

Ambiguous In-
struction

user_information: The user is a solo traveler planning a two-
week trip to Vietnam. She is an adventurous eater and loves
exploring local cuisines, especially street food.
trigger_factor: Suggest street food options.

target: Understand user’s prefer-
ences and trip itinerary for food sug-
gestions
sub-target:

Ask about cities the user plans to
visit

Inquire about dietary restrictions or
preferences for street food

Clarify the types of street food the
user enjoys

Long-term Follow-
up

user_information: The user is a college student studying
computer science. He has a part-time job as a barista at a local
cafe. He recently started learning to cook and enjoys trying out
new recipes during the weekends.

trigger_factor: A conversation happened last Wednesday.
Now is Monday 10:00 a.m. User: "I'm thinking of quitting
video games for a while to focus on my studies and cooking.
It’s a bit challenging though." Assistant: "It’s great that you're
focusing on your studies and hobbies. Maybe you can set small
goals and gradually reduce your game time." User: "That’s a
good idea. I'll try to set a schedule."

target: Ask about quitting games
and new schedule
sub-target:
Ask about quitting video games
progress
Inquire
progress
Encourage focusing on studies and
cooking

about schedule-setting

System Operation

user_information: The user is playing a strategy game on
their PC and has paused the game to look for tips online, using
Chrome and YouTube.

trigger_factor: The user searched ’best strategies for Civ-
ilization VI’ on Google, opened two blog posts, and started a
YouTube video but paused it after 10 seconds.

target: Suggest optimal Civilization
VI strategy resources
sub-target:

Summarize key tactics from blog
posts

Highlight vital points in video anal-
ysis

Recommend further high-rated re-
sources
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Table 7 — Continued from previous page

Domain

Environment Example

Reference Target

Glasses Assistant

user_information: The user is a 26-year-old urban planner
who recently started using smart glasses to enhance his produc-
tivity and creativity. He is passionate about sustainable city
designs and often visits local landmarks for inspiration. He lives
alone in an apartment downtown and enjoys cycling to work. He
is currently working on a proposal for a new park project.
trigger_factor: The user is cycling along a busy street and
notices a newly built skyscraper with unique architectural fea-
tures.

target: Draw sustainable inspiration
from skyscraper for park
sub-target:

Highlight skyscraper’s notable archi-
tecture and features

Identify sustainable design aspects
of the skyscraper

Relate these aspects to the proposed
park project
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Environment

User Info

The user lives in a coastal city renowned for its vibrant arts community. He enjoys reading historical fiction
in his free time and has a habit of drinking herbal tea every evening. On weekends, he can be spotted
strolling through local galleries, pausing to observe paintings and taking notes in a small notebook he
carries. He recently replaced the tires on his car and shared a positive review of the auto shop online. He
is a 48-year-old art history professor at a university, spending much of his time at his desk, where
neatly stacked exhibition brochures with handwritten annotations lie next to his laptop, aiding his research
and lecture preparations. He occasionally participates in trivia nights at a nearby café, often excelling
in categories related to art and history. During faculty meetings, he occasionally shares his perspectives
on curriculum updates, often referencing examples from Renaissance art. A shelf in his office proudly
displays journals containing his published papers on Michelangelo and Leonardo da Vinci. Last month,
he traveled to a historical site, where photos captured him studying intricate frescoes and carvings while
wearing smart glasses. Recently, he attended a Vivaldi concert, nodding along to the music while seated in
the front row. He has already begun drafting plans for a workshop next semester to teach students the
techniques of Renaissance painters. He’s also considering adopting a pet cat and has been researching
local shelters.

Trigger Event

The user moves slowly through the art exhibition while faint classical music plays softly, blending into the
subdued atmosphere. A couple nearby leans closely together, whispering animatedly about their favorite
paintings, as a child in the distance tugs persistently at a parent’s hand, pointing toward a large sculpture.
On the gallery walls, the user observes a curated series of Renaissance paintings, taking occasional note
of the intricate decorative molding lining the ceiling. A museum staff member with a clipboard walks by,
their shoes lightly tapping against the polished floor. The user notices a small crack in one of the decorative
moldings on the ceiling and wonders about the age of the building. His phone vibrates with a notification
about an upcoming art auction, which he briefly glances at but dismisses.

He pauses at a reproduction of Leonardo da Vinci’s ‘The Last Supper,’ leaning slightly forward to
examine the detailed expressions and compositional balance among the figures. The lighting in the
room casts subtle shadows on the painting, adding depth to the figures depicted. Shifting his attention, the
user approaches another painting, Paolo Veronese’s ‘The Wedding at Cana,’ displayed prominently
next to a neatly trimmed potted plant. The plant’s leaves appear freshly watered, with a droplet slowly
traveling down one of the stems. An informational plaque beneath the painting outlines its biblical theme of
a communal feast set within a grand architectural space. The user notes shared elements between this
work and ‘The Last Supper,’ focusing particularly on the moments of communal gathering and the
symbolic significance of shared meals as central to Renaissance storytelling. He notices the vibrant
colors in Veronese’s work, contrasting with the subdued tones in da Vinci’s painting. A faint aroma of coffee
drifts into the room from the nearby museum café, while a sudden noise from a visitor accidentally bumping
into a display case briefly interrupts the tranquility. The user wonders whether the café serves espresso or
just regular coffee. Nearby, a gallery guide briefly chats with two visitors about the historical context of the
Renaissance period.

Ref. Target

Target: Explore thematic links in Renaissance paintings. Sub-targets: (1) Point out thematic links between
both paintings; (2) Provide historical context of ‘The Wedding at Cana’; (3) Relate storytelling to Renaissance
values.

Model Outputs

DeepSeek-R1

Target: Enhance user’s analysis of Renaissance art connections.

Score: 10 Sub-targets: (1) Acknowledge user’s observation of communal themes; (2) Provide historical context about
Veronese’s color symbolism in ‘“The Wedding at Cana’; (3) Link compositional techniques to his upcoming
Renaissance workshop plans.
Reason: The target is well-aligned with the user’s background and personalized to his workshop plans,
offering a more tailored and actionable approach than the reference.
GPT-4.1 Target: Engage user in comparing Renaissance paintings’ communal themes.
Score: 7 Sub-targets: (1) Ask about observations on shared meal symbolism; (2) Suggest discussing differences in
color and composition.
Reason: Relevant to the user’s interest but narrower in scope, missing opportunities to provide historical
context and relate storytelling to Renaissance values.
Gemini-2.5 Target: Offer information about the art.
-Flash-Pre. Sub-targets: (1) Identify user’s focus; (2) Provide relevant art details; (3) Suggest related artworks.
Score: 6 Reason: Overly broad and generic, lacking the specificity of thematic connections and historical context that
align with the user’s expertise.
Qwen2.5 Target: Inquire about the age of the building.
-7B-Inst. Sub-targets: (1) Ask about the building’s age; (2) Discuss Renaissance art techniques.
Score: 3 Reason: Misidentifies the user’s primary focus, latching onto an irrelevant noise detail (ceiling crack) rather

than the user’s engagement with thematic links between the paintings.

Table 8: Case study of target planning across different models under the same environment. Bold text in the
environment highlights information relevant to the reference target. Scores reflect the quality of generated targets
compared to the reference. 41085



Pushy Guidance (Model A, Deepseek-V3)

Multi-turn Guidance (Model B, Claude-3.7-
Sonnet-thinking)

Core  Environ- User: A 32-year-old graphic designer in Hangzhou who values minimalist design, enjoys medita-
ment tion and cycling, and keeps a clutter-free workspace.
Trigger: The assistant discovered FocusFlow, a Pomodoro-based productivity app with a minimal-
ist interface, at a UI/UX workshop.
Target Recommend the FocusFlow productivity app. Sub-targets: (1) Describe its minimalist design;

(2) Explain the Pomodoro technique; (3) Share personal success with FocusFlow; (4) Connect

suitability to user’s profession.

Core Dialogue

Assistant: Have you heard of FocusFlow? It’s a
productivity app with a sleek, minimalist design
that feels like it was made for creative minds
like yours. It uses the Pomodoro technique—25
minutes of focused work followed by short
breaks—which could be perfect for your design
projects. I’ve been using it for brainstorming
sessions, and it’s helped me stay in the zone
without feeling overwhelmed. It might comple-
ment your workflow too. Given your attention
to detail and love for clean, functional design,
I think you’d really appreciate how FocusFlow
aligns with your aesthetic and professional needs.

All 4 sub-targets in 1 message.

Avg. Target Density: 4

A: Hey! I just attended this amazing UI/UX
workshop in Shanghai last week and discovered
something that might interest you as a designer.
Have you been using any productivity tools for
your creative work lately?

U: Hey! I usually stick to my routines for
focus, but I'm open to tools that align with my
minimalist style. What did you discover?

A: I found this app called FocusFlow with
an incredibly clean, minimalist interface that
would match your aesthetic perfectly. It uses
the Pomodoro technique—25 minutes of deep
focus followed by short breaks, which might
complement your meditation practice.

U: Interesting! I usually rely on meditation
and cycling for mental clarity, but I'm curious
how the Pomodoro technique might fit into my
routine. Have you found it effective?

A: Absolutely! I've been using it for my creative
projects and it’s been game-changing. The
timed focus sessions help me avoid burnout
while maintaining momentum on designs. As a
graphic designer, you might appreciate how it
creates natural boundaries for deep work while
still allowing time to step back and evaluate your
creative direction.

U: That’s worth considering then; I often get lost
in designs without realizing how much time has
passed. Setting boundaries could indeed help me
maintain balance. I’ll have to try it out.

Sub-targets spread across 3 turns.
Avg. Target Density: 1.67

Table 9: Comparison of pushy vs. multi-turn dialogue guidance on the same environment. Model A delivers all
sub-targets in a single message, while Model B gradually introduces them through natural multi-turn interaction.
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Description Prompt for Each Domain
[Persuasion]

The task is the persuasion environment, where the assistant should persuade the
user to change the state based on user’s challenges and assistant’s experience.
The trigger factor is assistant’s knowledge, ability, and experience.

[Long-term Follow-up]

The task is a long-term environment, where the assistant will receive a past
conversation history that includes the user’s persistent state or ongoing
condition. The assistant needs to proactively follow up or care user’s current
state, and give some advice or remind to the user. The trigger factor is the
past conversation history.

[System Operation]

The task is the system operation environment, where the user operate a computer
and assistant observe it. The assistant needs to identify user’s challenges
and give proactive operation assistance. The trigger factor is the specific
sequence of operation behaviors currently captured by the user, reflecting the
challenges and problems the user faces.

[Ambiguous Instruction]

The task is the ambiguous instruction environment, where the assistant will
receive an instruction including the unclear and vague elements. The assistant
needs to proactively clarify or ask the element rather than respond reactively.
The trigger factor is the user’s vague instruction.

[Glasses Assistant]

The task is the smart glass environment, where the user wear the smart glasses
and interact in the world. The assistant is in the smart glasses. The trigger
factor is either an external event the user perceives (e.g., sights, sounds) or
the user’s own state/behavior at that moment, which prompts the assistant to
proactively initiate a conversation.

[Recommendation]

The task is the product recommendation environment, where the assistant and
the user have some habits and preferences. The trigger factor is assistant’s
self habits, preferences. The assistant should identify the common interest and
recommend something to the user.

Figure 6: Description prompt for each domain.
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Prompt for generating sub-topics
[Task]

Generate {n} sub-topics for the parent topic ({topic}). Each sub-topic should
represent an area where an Al assistant needs to proactively initiate a dialogue
to guide a user towards a specific target.

[Rule]

1. Each sub-topic must be a noun or a noun phrase.

2. Each sub-topic must need proactive dialogue from the assistant to help the
user achieve a target.

3. Sub-topics must be the immediate next level down from {topic}. They should
not be too specific or too broad.

4. Each sub-topic must be suitable to act as a parent topic for a further, more
detailed breakdown.

5. The sub-topics should be concrete, specific instances or examples that are
similar in type and level to the provided examples.

6. The content of the sub-topic should be diverse, not use repeated words.

[Example]
Here are some examples of the sub-topics in this topic. The sub-topics should
be at the same level as the examples provided.

{Examples}

[Format]

Just return a JSON object with the following structure:

{{"parent_topic"”: "topic"”, "topics”: ["sub_topic_1", "sub_topic_2", ...1}}

Figure 7: Prompt template for generating sub-topics.

Prompt for environment generation N
[Task]

You are tasked with generating realistic scenarios that needs AI to proactively
initiate conversation to help user.

[Description]
{description}

[Rule]
1. Try to generate diverse details in user information (e.g., job, age, hobbies
in daily lives) and trigger factor about the scene.

2. Just return one environment of JSON format, the format is
{{"user_information”:"", "trigger_factor"”:""}}.

[Example]

Here are some examples of the environment generation:

{Examples}

Figure 8: Prompt template for environment generation.
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Prompt for target generation
[Task]

Your task is to generate target and sub_target based on the provided environment.
The environment refers to the background and reasons for the target, including
user information, trigger factors. User information consists of the background
details exhibited by the user in the conversation. Trigger factor is the cause
that motivates the assistant’s to talk. The target should be the action that
the assistant will proactively take to achieve a specific goal. The sub-targets

decompose target, showing the process of the conversation AI guide the target
to the user.

[Description]
{description}

[Rule]

1. The target should be less than 10 words.

2. Each sub_target should be concise and less than 10 words.

3. Consider the process of dialogue, the number of sub_targets should be in 2 - 4.

[Example]

Here are some examples of target and sub_targets for the referred environment.
{example}

[Environment]
{environment}

[Format]

Just return Target, and sub-targets as JSON Format. The format is {{"Target”:"",
"sub-target”":[""1}}.

Figure 9: Prompt template for target generation.
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Prompt for target ensemble
[Task]

You are a dialogue expert who is good at proactive dialogue. You will receive
an environment, where the assistant need to initiate and guide the user to
achieve a specific goals proactively.

You will received some targets related to the environment, but you need to
analyze their each advantages in 1-2 sentences and synthesize them into a best
target.

The target should be the action which the assistant proactively guides the
conversation to achieve a specific goal. The sub-targets decompose target,
showing the process of the conversation AI guide the target to the user.

[Description]
{description}

[Rule]

For each targets and sub-targets, you should consider three aspects:

1. The alignment to the environment: They should be logical and no
misinformation.

2. The completeness of the sub-targets: Each sub-target should be a complete
and most basic part of the target. They should fully decompose the target.

3. The interactivity and user-friendly of the sub-targets: They should make
user feel comfortable and acceptable for the proactive messages from assistant,
and inspire user’s interaction attention and interest.

4. The redundancy of the sub-targets: They should actionable and not import too
much information to disturb user.

You need to analyze each target’s advantages and disadvantages from the above
four aspects in order, using 1-2 sentences for each, then comprehensively
consider and synthesize them into the best target and sub-targets.

5. The target should not be too vague, general or short. And the target should
be specific enough but less than 10 words. And each sub-target should be concise
and less than 10 words.

The number of sub-targets should in 2 - 4.

[Input]
The environment: {environment}
The targets: {targets}

[Format]

Just return Your analyze process, target, and sub-targets as **JSON** Format.
The format is {{"analyze_process":"<Your thought process of analyze and
synthesize>","Target":"","sub_target”:[""1}}.

Figure 10: Prompt template for target ensemble.
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Prompt for obfuscation rewrite of user_information

[Task]

You are a writing assistant tasked with rewriting a general input description
into a specific and detailed output. You will transform abstract summaries into
concrete, observable scenarios. Follow all rules and examples precisely.

[Rules]

General Rules (Apply to all domains):

1. Convert Abstract to Concrete: Transform general descriptions (e.g., habits,
preferences, psychological states) into specific, observable actions and
detailed scenarios.

2. Exclude Internal States: Do not include descriptions of internal thoughts,
feelings, psychological speculations, or personal evaluations. Instead,
describe the external behaviors that might suggest these states.

3. The rewrite output should not include any subjective words (e.g., try,
however, notice, etc.). It should use objective words to describe the user
information.

4. Add Plausible Details: Enhance the input with reasonable and relevant
specifics (e.g., times, locations, object names, specific actions) to make the
output realistic and believable.

5. Specific Rule for this Domain: {Domain_Rule}

[Examples]
{Examples}

[Format]

Just return a string starting with "Output: "

Now, rewrite the following sentence from input to Output:
Input: {user_information}

Figure 11: Prompt template for obfuscation rewrite of user information.
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Prompt for obfuscation rewrite of trigger_factor
[Task]

You are an AI assistant tasked with rewriting a trigger factor description. I
will provide you with an "Input” style description, and your job is to transform
it into an "Output” style based on the following guidelines.

[Rules]

1. Transform Abstract to Concrete: Convert general, abstract, or simple
descriptions into specific, detailed, and observable scenarios or actions.

2. Enrich with Plausible Details: Enhance the input by adding reasonable and
relevant specifics such as times, quantities, names of tools/apps, locations,
or sequential steps to make the output more realistic and comprehensive.

3. Maintain Objectivity: Describe external, observable events and actions. Avoid
including internal states like emotions, thoughts, psychological speculations
(e.g., ’feel’, ’consider’, ’notice’, ’think’), or summary judgments (e.g.,
’good’, ’successful’), and some connective words (e.g., however, but, finally,
etc.), and some adjectives (e.g., good, bad, successful, unsuccessful, problem,
issues, etc.).

4. Preserve Core Intent: The rewritten output must still reflect the original
{Target} and include its key entities.

5. Domain-Specific Rule: {domain_rule}

[Examples]
{example}

[Format]

Just return a string starting with "Output: "

Now, rewrite the following sentence from Input to Output:
Input: {trigger_factor}

Target: {target}

Figure 12: Prompt for obfuscation rewrite of trigger_factor.
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Prompt for noise injection into user_information

[Task]

You are an AI assistant tasked with adding contextual "noise"” to an ’Input’
text. Your goal is to make the original information appear as part of a larger,
more detailed log or description.

[Guidelines]

1. Add Relevant Noise: The "noise"” should consist of plausible, related but
non-essential details. It may attract attention but actually not important.
This could be other user activities, hobbies, system logs, background processes,
or past conversational remarks, depending on the context of the Input.

2. Embed the Original Content: The original sentences from the ’Input’ must
be preserved and embedded in the middle of ’Output’. They should not at the
beginning or end, but rather interspersed naturally with the added noise.

3. Create a Coherent Context: The final ’Output’ should read as a single,
coherent piece of text, making the original key information less conspicuous
and more integrated.

4. For each output, the amount of added noise compared to the input should be
about 3-4 sentences.

[Example]
Here are some examples:
{example}

[Format]
Just return a string starting with "Output:

n

Now, rewrite the following sentence from input to output:
Input: {user_information}

Figure 13: Prompt for noise injection into user_information.
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Prompt for noise injection into trigger_factor
[Task]

You are an AI assistant tasked with adding contextual "noise” to an ’Input’ text
to make the original key information less conspicuous. Your goal is to embed
the original sentences within a larger, more detailed context while preserving
the target content.

[Guidelines]

1. Add Relevant Noise: Insert plausible, related but non-essential details such
as other activities, experiences, preferences, system logs, or conversational
topics that fit the context. It may attract attention but actually not
important.

2. Embed Original Content: The original sentences from the ’Input’ must be
preserved and naturally integrated within the ’Output’, not isolated at the
beginning or end.

3. Create a Coherent Context: The final ’Output’ should read as a single,
coherent piece of text, making the original key information less conspicuous
and more integrated.

4. For each output, the amount of added noise compared to the input should be
about 3-4 sentences.

5. Maintain Target Relevance: The rewritten output should still reflect the
target content and include its important entities, but make it harder to
immediately identify the core purpose.

[Example]
Here are some examples:
{example}

[Format]

Just return a string starting with "Output: ".

Now, rewrite the following sentence from input to output:
Input: {trigger_factor}

Target: {target}

Figure 14: Prompt template for noise injection into trigger_factor.
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Prompt for final check
[Task]

You will receive an environment. The environment refers to the background and
reasons for the target, including user information, trigger factors. User
information consists of the background details exhibited by the user in the
conversation. Trigger factor is the cause that motivates the assistant’s to
talk. The target should be the action that the assistant will proactively
take to achieve a specific goal. The sub-targets decompose target, showing
the process of the conversation AI guide the target to the user. You need to
consider whether this proactive dialogue target is the xxbest targetxx for the
current scenario. Therefore, you first need to think about whether there are
other targets in the current environment that would trigger proactive dialogue,
and compare them with the current target. If the current target is the best
target, return True, otherwise return False.

In this case, {description}

[Input]

environment: {environment}
target: {target}
sub_targets: {sub_targets}

[Format]

Just return a JSON with the format {{"reason”: "", "judge"”: "True"/"False"}}.
The "judge" field should be true if the target is the best target in the
environment, and false if it is not the best target. The "reason” field should
explain the reasoning process behind the judgment in 2-3 sentences.

Figure 15: Prompt template for final check.
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Prompt for target planning evaluation
[Task]

You are a helpful assistant. You will receive an environment, which includes
user information and trigger factor. User information consists of the background
details exhibited by the user. Trigger factor is the cause that motivates the
assistant’s to proactively initiate conversation. The target should be the
action that the assistant will proactively take to achieve a specific goal. The
sub-targets decompose target, showing the process of the conversation AI guide
the target to the user. You need to evaluate the quality of the generated target,
based on the reference target. Your generated score to the generated target
should be 1-1@0. The higher the score, the better the target and sub-targets.
Task description: {DOMAIN_DESCRIPTIONS[domain_name]}

[Rulel]

1. IMPORTANT: You should pay attention to the task description and the reference
target to give your score.

2. If you think the generated target is better than the reference target, return
10.

3. If you think the generated target is worse than the reference target, return
1-9.

4. You should analyze the difference in action, specific entities, limited
conditions between the generated target and the reference target, and give a
reason for your score. And the reason should be 3-4 sentences.

[Received Information]
environment: {environment}

[Generation]
reference target: {reference}
generated target: {generation}

[Example]
{examples}

[Format]
Just return a JSON Format as {{"reason”:"(your compare process)"”, "score":(your
score)}}

Figure 16: Prompt template for target planning evaluation.
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Prompt for dialogue guidance evaluation
[Task]

You need to evaluate the guidance ability in the conversation. "Guidance"”
refers to the model’s capacity to lead the conversation, gradually engage the
user in the dialogue, and guide the user to reach the conversation’s target.
You are required to assign a score from 1 to 10 to assess the conversation,
with a higher score indicating better guidance ability by the assistant.

[Input]

You received user information: {user_information}
You received trigger factor: {trigger_factor}

You received target: {target}

You received sub-target: {sub_target?}

You received conversation: {conversation}

[Guideline]

You should evaluate the conversation based on the following criteria, and give
a int score between 1 and 10.

If there are some criteria not met, you should deduct 2-4 (extremely bad) points
each criteria.

1. Multi-turn Interaction and Goal Progression (Effectiveness): You should
check the target completion and the turns number. The assistant should initiate
the conversation to spark user interest and engage in multiple rounds of
interaction, gradually achieving sub-goals to reach the overall target. Deduct
points if the assistant fails to achieve the goal, delivers all information in
a single message, or limits the interaction to one turn.

2. Personalized Guidance (Personalization): You should check whether the
assistant’s guidance is personalized. The assistant’s guidance should be
tailored to the user’s specific information and context, rather than offering
generic recommendations.

3. Proactive Tone (Tone): You should check the assistant’s tone. The assistant
should adopt an active tone to initiate and drive the conversation, avoiding
passive phrases (e.g., "It sounds like...").

4. Concise and Engaging Messages (Engagement): You should check each assistant’s
message length. Messages should suit the conversational context, be clear and
concise to avoid overwhelming the user (each message should no more than 2
sentences or 50 words).

5. Natural Online Messaging Format (Naturalness): You should check
the assistant’s message format. Messages should resemble typical online
communication, avoiding any leakage of metadata (e.g., "target,” "sub-target,"”

"turn n,"” etc.).
If there are any other issues can be improved, you can also deduct related points.

[Format]
Just return a Json {{"thought”:"(your compute process within 100 words)",
"score"”: (score between 1 and 10)3}}

Figure 17: Prompt template for dialogue guidance evaluation.
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Prompt for target density extraction
[Task]

You need to analyze the sub-targets that appear in the messages and count the
number of targets that appear.

[Sub-targets]
{sub_targets}

[Message]
message: {message}

[Rule]
Return only in JSON format: {{"count”: (the number of sub-targets appeared in
the message)}}

Figure 18: Prompt template for target density extraction.
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Example of target ensemble process - Environment and Targets

User_information: The user is a 32-year-old woman living in Hangzhou. She works as a graphic
designer and enjoys exploring new art exhibitions in her free time. She loves experimental music,
particularly electronic avant-garde, and often attends live performances at local venues. She
dislikes mainstream pop music and prefers unique, unconventional sounds. Her favorite artist is

Ryuichi Sakamoto, and she often reads about the intersection of music and technology.

Trigger_factor: The assistant recently attended a virtual reality music experience at an
art gallery, which featured an experimental electronic avant-garde performance. The event
combined immersive visuals with cutting-edge sound design, leaving a lasting impression on the

assistant.

Target 1: Recommend virtual reality music experiences

Sub-targets:
« Discuss the user’s interest in electronic avant-garde music
- Share details about the assistant’s recent VR music experience
+ Highlight the immersive combination of visuals and sound

+ Encourage exploring similar local events in Hangzhou

Target 2: Recommend a virtual reality music experience
Sub-targets:

+ Ask the user about their interest in music technology

+ Highlight the integration of visuals with experimental sound

+ Connect the experience to the user’s love for avant-garde music

Target 3: Recommend virtual reality music experiences
Sub-targets:
+ Ask the user’s thoughts on immersive art experiences
+ Introduce the virtual reality music event recently attended
« Highlight the blend of visuals and experimental music

+ Encourage attending similar local events together

Target 4: Recommend virtual reality music experiences
Sub-targets:

« Ask about the user’s interest in technology and music

+ Share the immersive virtual reality music event

- Highlight the experimental electronic avant-garde aspects

- Suggest a visit to similar events or galleries

Target 5: Recommend a VR music exhibition
Sub-targets:
- Discuss user’s interest in experimental music
- Mention assistant’s recent VR music experience
« Link the fusion of music and technology

+ Recommend local upcoming VR music events

Figure 19: Example of target ensemble process - Environment and generated targets.
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Example of target ensemble process - Best Target

Analyze_process: The first and third targets focus on recommending ’virtual reality music
experiences’ but include some redundancy in interacting with or encouraging shared activities. The
second and fifth targets specifically emphasize ’a virtual reality music experience/exhibition,’
providing a cleaner, focused approach. Both highlight the connection between user interests and
the event qualities but simplify the process. The fourth target effectively balances sharing
immersive experiences while emphasizing experimental and avant-garde music but lacks a clear,
singular direction. Considering user preferences for unconventional, technology-fused art, the
best target and sub-targets aim for concise, interactive exploration of events while strongly

aligning with her interests in music, technology, and avant-garde themes.

Target: Recommend experimental virtual reality music experience

Sub_target:
+ Ask about the user’s interest in music technology
« Describe the assistant’s recent immersive VR music event
+ Highlight the fusion of visuals and avant-garde music

+ Suggest attending similar VR experiences locally

Figure 20: Example of target ensemble process - Best target selection.

"user information": "Last weekend, the user went hiking in the
nearby hills. Two days ago, they watched a documentary on
wildlife. Yesterday at 1:00 PM, they grabbed a quick burger
from a fast-food joint during a brief break from work. Last
night, they read a chapter from a mystery novel. Last night at
10:00 PM, they ate a pack of chips while finishing up a
project on their laptop. Yesterday afternoon, they attended
an online workshop. This morning at 9:30 AM, they skipped
breakfast and drank a cup of coffee before heading to the
office. Last month, they joined a virtual book club. This
afternoon, they called an old friend to catch up.",

"trigger factor": "The assistant spent the morning flipping
through a photography magazine, jotting down tips for
capturing better portraits. In the early afternoon, the assistant
spent Sunday preparing meals for the week, ensuring a
balanced diet and saving time during busy weekdays.
Later, while listening to an audiobook about productivity, the
assistant organized their desk drawer to make room for new

"user information": "The user is a young \
professional working in a fast-paced startup. They
often skip meals due to a hectic work schedule

and rely on fast food or snacks for energy.”,

"trigger factor": "The assistant recently read an >
article about the and how it can sahealth benefits
of meal prep ve time and improve nutrition,
which could potentially help the user maintain a
healthier lifestyle despite their busy schedule.”

Obfuscation
Rewrite

Noise
Injection

\ )

"target": "Motivate user to integrate meal prepping",
"sub-target": ["Introduce benefits of meal prepping for
health and time", "Provide quick and easy meal prep
ideas", "Motivate user to start small with consistent meal
planning"]

stationery supplies. In the evening, the assistant experimented
with a new sketching technique, creating a whimsical
illustration of a bustling marketplace scene. Before heading to
bed, the assistant reflected on the week’s accomplishments
while sipping calming herbal tea."

Figure 21: The environment change after the refinement.
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