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Abstract001

Proactive agents are expected to anticipate user002
needs and provide autonomous assistance by003
perceiving environmental context without ex-004
plicit instructions. A fundamental capability of005
such agents is to identify and track users’ up-006
coming events, enabling continuous and event-007
specific assistance. For example, by recording008
the time and location of a planned hike, an009
agent can deliver weather reminders in advance010
or provide navigation support before departure.011
However, existing works on proactive agents012
largely overlook event-centric assistance, and013
the open-ended nature of proactive assistance014
poses challenges for reliable evaluation.015

To bridge these gaps, we introduce PROEVENT,016
the first event-centric benchmark designed to017
assess an agent’s ability to proactively maintain018
a user’s timetable based on ongoing instant mes-019
saging chats. PROEVENT provides synthesized020
yet realistic chats that consider the dynamic in-021
teraction among users, concurrent chat threads,022
and noise in the real world, and evaluates proac-023
tive agents on response timing, single-step re-024
sponse correctness, and multi-step response025
correctness. Experiments on eight LLMs and026
pipelines reveal that current agents frequently027
overact and struggle with event cancellation.028
Notably, even the state-of-the-art GPT-5.1 pro-029
vides redundant assistance in 30% of cases and030
achieves only 26.7% recall in event cancella-031
tion scenarios. Further qualitative analysis re-032
veals fundamental limitations of current LLMs033
as proactive agents, particularly in detecting034
implicit events and reasoning from the user’s035
first–person perspective.036

1 Introduction037

Recent advances in large language models (LLMs)038

have enabled agentic systems to support humans in039

diverse tasks (Xie et al., 2024; Zhang et al., 2025).040

However, most existing LLM-based agents remain041

reactive, largely relying on explicit user instruc-042

tions, which may result in repetitive human inter-043

vention and the risk of missing time-sensitive infor- 044

mation. To address these limitations, it is essential 045

to develop proactive agents that can autonomously 046

perceive and respond to their environment. 047

Events, defined as the activities a user plans to 048

attend, are critical for proactive agents. For one 049

thing, anticipating a user’s upcoming events en- 050

ables proactive agents to provide continuous and 051

seamless assistance in advance. For example, when 052

a user schedules a hiking trip, recording the time 053

and location allows agents to proactively remind 054

the user of weather conditions in advance, as well 055

as offer navigation assistance before departure. For 056

another thing, maintaining event records enables 057

agents to deliver assistance tailored to specific ac- 058

tivities. For instance, a proactive agent may suggest 059

reserving a table for a planned meal or remind the 060

user to prepare for an upcoming meeting. 061

There have been several proactive agent bench- 062

marks focusing on human-–device interactions (Lu 063

et al., 2024; Yang et al., 2025c; Zhao et al., 2025; 064

Pasternak et al., 2025), aiming to provide immedi- 065

ate assistance for users (e.g., summarizing a web- 066

page when the user opens it). However, they suffer 067

from two limitations. First, to the best of our knowl- 068

edge, no existing benchmarks evaluate proactive 069

agents’ ability to track users’ upcoming events, 070

which limits their capacity to provide continuous 071

and long-term assistance for future activities. Sec- 072

ond, most existing benchmarks lack reliable eval- 073

uation protocols due to the open-ended nature of 074

the predicted responses. They typically rely on se- 075

mantic similarity (Yang et al., 2025c) or use LLMs 076

to simulate a human judge (Lu et al., 2024; Paster- 077

nak et al., 2025), which may not accurately reflect 078

the correctness or usefulness of the agent response. 079

In light of these limitations, we propose an 080

Event-centric Benchmark for Proactive Agents 081

(PROEVENT). PROEVENT focuses on a concrete 082

task: maintaining a user’s timetable by proactively 083

collecting event information from the ongoing in- 084
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Research Group Chat

We’ll have our weekly research
meeting at 2 P.M. today. Let’s 
meet at Meeting Room 305.

Member: Clarence, Henry, Sam, Olivia, 
Quoc, Me

Quoc

Chat with Alice

Hi, how’s going? How about having 
a lunch together tomorrow?

Alice

Me

Sounds great! How about 12 P.M.? 
Let’s meet at Canteen 1.

Perfect! That works for me! See u 
tomorrow!

Alice

Research Group Chat

Sry, guys, I need to reschedule the research meeting owing to my time 
conflict. Let’s postpone our meeting for 1 hour to 3 P.M.

Member: Clarence, Henry, Sam, Olivia, 
Quoc, Me

Quoc

Chat with Alice

Hey, I’m afraid I can’t make it tomorrow. I feel uncomfortable and I’d 
better rest at home tomorrow. Alice

Me

Oops, I’m sorry to hear that. Don’t worry, let’s reschedule the lunch 
next time! Have a good rest!

Update

𝑆1

𝐷1 = [𝐷1
1, 𝐷1

2]

𝑆0

Insert

𝐷2 = [𝐷2
1]

𝑆2

𝐷3 = [𝐷3
1]

… …

Delete

𝑆3

2025-11-21

Figure 1: Illustration of the timetable maintenance task. The proactive agent needs to maintain the timetable on the
right by proactively seeking information from the chats on the left. Dt refers to the messages received between
t− 1 and t. St refers to the user’s timetable at time t.

stant messaging chats. We focus on instant mes-085

saging chats because they are ubiquitous in the086

real world yet highly challenging, due to dynamic087

speaker interactions, concurrent chat threads,088

and pervasive noise (Zhang et al., 2020; Sapkota089

et al., 2025). To construct PROEVENT, we develop090

a data generation pipeline that synthesizes realistic091

chats with rigorous human quality control. Further-092

more, we provide a comprehensive evaluation suite093

that assesses both the timeliness and the correctness094

of proactive responses.095

In this work, using PROEVENT, we evaluate096

eight LLMs and pipelines, and find that they tend097

to overreact for users and struggle with event can-098

cellation scenarios. Furthermore, we show that099

real-world chat complexities, including dynamic100

interactions, concurrent chats, and noise, all sub-101

stantially challenge LLMs’ performance as proac-102

tive agents. Our qualitative analysis further reveals103

key deficiencies in current LLMs, including dif-104

ficulties in capturing implicit events and making105

decisions from the user’s first-person perspective.106

2 Related Work107

Proactive Agent Benchmark. Recently, several108

benchmarks have been proposed to evaluate proac-109

tive agents. ProactiveBench (Lu et al., 2024) and110

FingerTip (Yang et al., 2025c) formulate proac-111

tive response as a sequential prediction problem, 112

predicting the user’s next-step action, whereas 113

PROBE (Pasternak et al., 2025) provides rich con- 114

textual information and requires agents to address 115

users’ potential needs with tools. Beyond bench- 116

marks, ProactiveVA (Zhao et al., 2025) and ProA- 117

gent (Yang et al., 2025b) propose proactive agent 118

pipelines for GUI operations and smart glasses, 119

evaluated in real-world settings with feedback from 120

users. All these works evaluate both response tim- 121

ing and response correctness, with correctness be- 122

ing more challenging to assess due to the open- 123

ended nature of the response. ProactiveBench (Lu 124

et al., 2024) addresses this by fine-tuning a small 125

model to simulate human judgment, whereas Fin- 126

gerTip (Yang et al., 2025c) relies on semantic simi- 127

larity between predictions and ground truth. How- 128

ever, both approaches lack objective grounding for 129

evaluation. To address this limitation, PROEVENT 130

introduces a comprehensive evaluation suite that en- 131

ables objective assessment of response correctness 132

based on the correctness of the user’s timetable. In 133

addition, with respect to data sources, most of exist- 134

ing works face challenges in acquiring real–world 135

data and therefore rely on synthetic datasets. While 136

we also synthesize chats, we design a pipeline to 137

maximize chat realism and ensure high data quality 138

through rigorous quality control. 139
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Chat Synthesis with LLMs Prior works have140

applied LLMs to synthesize realistic dialogues141

by firstly defining the role profiles and then guid-142

ing the interactions between roles with structured143

prompts (Wu et al., 2023; Qiu and Lan, 2024;144

Wang et al., 2023; Park et al., 2023). While these145

works provide useful insights, synthesizing real-146

istic instant messaging chats must capture addi-147

tional key characteristics, including interaction dy-148

namics, concurrent chat threads, and pervasive149

noise (Zhang et al., 2020; Sapkota et al., 2025).150

Specifically, in negotiation scenarios, conversa-151

tional goals often evolve over time, resulting in152

dynamic interactions among speakers that are chal-153

lenging for models to accurately track the cur-154

rent interaction state (Peng et al., 2018; Wu et al.,155

2019). Moreover, prior work has shown that han-156

dling concurrent chats introduces additional com-157

plexity (Sapkota et al., 2025), while the noise158

can obscure critical information and distract mod-159

els (Yang et al., 2023; Sapkota et al., 2025). Ac-160

cordingly, to account for these challenges, we syn-161

thesize realistic chats with multiple negotiation162

turns during event planning, construct scenarios163

with varying numbers of concurrent chats, and in-164

ject diverse noise, as detailed in Section 4.165

3 Problem Formulation and Evaluation166

3.1 Problem Formulation167

As PROEVENT introduces a novel task, we first168

formalize the problem and then present the corre-169

sponding evaluation suite in next section.170

As shown in Figure 1, given a set of N chats171

Dt = {D1
t , D

2
t , . . . , D

N
t } received by the user be-172

tween time t−1 and time t, the goal of PROEVENT173

is to update the user’s timetable from the previous174

state St−1 to a new state St.175

St = f(St−1, Dt) (1)176

Each timetable St = {E1, E2, . . . , EM} con-177

sists of M events. Following the widely adopted178

iCalendar data format, each event contains struc-179

tured attributes including start time, end time, lo-180

cation, participants, and a brief description. Each181

chat Di
t is a multi-turn dialogue between the user182

and a contact or within a group conversation.183

To better reflect real-world proactive agent set-184

tings (e.g., GPT-Pulse1 and Mine Context2), we185

1https://openai.com/zh-Hans-CN/index/
introducing-chatgpt-pulse/

2https://github.com/volcengine/MineContext

adopt a discrete-time formulation in which agents 186

collect environmental context changes within fixed 187

time intervals. Hence, all chats received within the 188

same interval are processed jointly, and a single 189

event may be updated across multiple time steps. 190

To avoid repeatedly outputting unchanged events 191

at each time step, we require agents to generate 192

explicit timetable operations rather than directly 193

outputting the updated timetable. We define three 194

operations: Insert, Update, and Delete. 195

Insert(time, location, participants, description): 196

Insert a new event into the timetable with the 197

specified attributes. 198

Update(id, attribute, value): Modify the speci- 199

fied attribute of the event identified by id using the 200

provided value. 201

Delete(id): Remove the event with the specified 202

id from the timetable. 203

Hence, at each time step t, the agent outputs a 204

list of timetable operations. 205

3.2 Evaluation Suite 206

Given an agent’s predicted operations at time ti, de- 207

noted as Pti , and the ground-truth operations Gti , 208

we evaluate proactive agents from three perspec- 209

tives: (1) response timing, (2) single-step correct- 210

ness, and (3) multi-step correctness. 211

Response Timing. Response timing evaluates 212

whether the agent triggers assistance or stays await 213

at appropriate time steps. We adopt the following 214

two metrics. 215

False Detection Rate (FDR) measures the pro- 216

portion of time steps where the agent produces 217

operations when no ground-truth operation is re- 218

quired: 219

FDR =

∑
ti
I
(
|Pti | > 0 ∧ |Gti | = 0

)∑
ti
I
(
|Gti | = 0

) . (2) 220

Missed Need Rate (MNR) measures the proportion 221

of time steps where the agent fails to respond when 222

ground-truth operations exist: 223

MNR =

∑
ti
I
(
|Pti | = 0 ∧ |Gti | > 0

)∑
ti
I
(
|Pti | = 0

) . (3) 224

Single–step Response Correctness. At each 225

time step ti, the agent predicts a set of operations 226

Pti , which is compared against the ground truth set 227

Gti . To evaluate the response correctness at each 228

time step, we adopt Precision and Recall: 229

Precision =

∑
ti
|Pti ∩Gti |∑
ti
|Pti |

, (4) 230
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Recall =

∑
ti
|Pti ∩Gti |∑
ti
|Gti |

. (5)231

Multi–step Response Correctness. We evalu-232

ate response correctness in a multi step setting us-233

ing two metrics: Event Success Rate (ESR) and234

Timetable Success Rate (TSR). ESR measures the235

proportion of events that are correctly predicted af-236

ter multiple steps of accumulation, where an event237

is considered correct only if all its attributes match238

the ground truth. TSR measures the proportion of239

completely correct timetables, where a timetable240

is considered correct only when all events it con-241

tains are correct. Notably, beyond evaluating multi–242

step response correctness, ESR and TSR are also243

designed to resolve ambiguities in single–step eval-244

uation. For example, an Update operation may lead245

to the same final event state as a Delete followed by246

an Insert. Although the two responses differ at the247

single-step level, both should be considered correct.248

Evaluation on success rate resolves this ambiguity.249

4 PROEVENT250

4.1 Data Construction251

To better understand PROEVENT, we first intro-252

duce its construction pipeline, which underpins the253

analysis of its diversity and quality.254

Step one: Contact Pool Construction. To en-255

sure consistency in the generated dialogues, we256

predefine a profile for each contact, including their257

name, role, and events to plan. For example, a col-258

league is more likely to schedule a project meeting,259

whereas a sports enthusiast may arrange a hiking.260

Additionally, to promote diversity and realism of261

these profiles, we draw inspiration from the defined262

personalities in PersonaChat (Zhang et al., 2018)263

and define 50 different profiles.264

Step two: Chat Synthesis. At this stage, we syn-265

thesize chats involving selected contacts from the266

contact pool. To simulate the dynamic interactions267

of real–world conversations, we generate dialogues268

for negotiating and updating planned events with269

varying numbers of turns. We first create a schedul-270

ing trajectory that records the true state of all events271

at each time step. This trajectory then guides the272

chat generation, ensuring that each dialogue aligns273

with the underlying event timeline.274

2.1 Scheduling Trajectory Generation.275

To generate sequential scheduling trajectories276

that capture how events evolve over time, we start277

from an initialized event and iteratively modify278

its attributes, including time, location, and partic- 279

ipants. To enhance the flexibility and diversity of 280

the generated trajectories, we define three atomic 281

operations to model these modifications (Xu et al., 282

2024; Mathur et al., 2025): (1) Simple Modifica- 283

tion, which simulates negotiation adjustments (e.g., 284

“I have another meeting at 10 A.M., so can we 285

change the time to 5 P.M.?”); (2) Timetable Linking, 286

which references existing or historical events in the 287

timetable (e.g., “Let’s meet in the same conference 288

room as last time”); and (3) Detail Removal, which 289

represents tentative events with incomplete infor- 290

mation (e.g., “Let’s meet tomorrow; I’ll provide 291

the specific location later”). The outcome of each 292

operation can be either successful or unsuccessful. 293

By randomly selecting an atomic operation and a 294

target attribute at each turn, we generate scheduling 295

trajectories with diversity and realistic variations. 296

2.2 Chat Generation. Based on the generated 297

scheduling trajectory, we construct a corresponding 298

chat skeleton that serves as a high-level blueprint 299

for dialogue generation (Appendix F). Finally, we 300

use gpt-3.5-turbo-0613 to generate dialogues 301

that strictly adhere to the ground truths in the 302

scheduling trajectory. 303

Step three: Noise Injection. Noise is an impor- 304

tant factor in real-world proactive agent applica- 305

tions. To construct realistic test cases, we inject 306

three types of noise into all generated chats: (1) 307

Message-level noise, messages irrelevant to the tar- 308

get event but interleaved with relevant messages 309

within a chat; (2) Chat-level noise, an entire chat 310

unrelated to the target event; and (3) Event-level 311

noise, where additional determined or historical 312

events in the timetable may distract the agent from 313

operating on the correct event. In terms of content, 314

we diversify noise to include off-topic messages, 315

discussions about events unrelated to the user, and 316

failed attempts to schedule events (Li et al., 2025; 317

Higashinaka et al., 2021). This variety ensures the 318

evaluation in a realistic chat environment. 319

Step Four: Chat Scenario Construction. To 320

simulate concurrent chat threads and the periodic 321

context collection setting in the real world, we 322

merge multiple chats and segment them into fixed 323

time windows. Based on these time windows and 324

the generated scheduling trajectories, we derive 325

ground truth operations for each time step by com- 326

paring event states across successive windows. In 327

this way, we construct scenarios which require 328

agents to handle multiple chats and events simulta- 329
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Contact 1
Name: Alice

Role: Colleague

Event: Project Meeting

…

Step 1: Contact Pool

Time 2025-11-27 08:00:00

Location Conference Room B

Participant [‘Alice’, ‘Me’]

Description Project Meeting

ID 001

Step 2.1: Scheduling 
Trajectory Generation

Time 
Update

Location
Update

…

Cancel

Dr. Richard: Hi, I think 
Conference Room A is a 
better location. It’s 
more spacious.

Alice: Sure! It’ s a good 
suggestion.
…

Step 2.2: Chat Generation

Update

(id=‘001’, 
attribute=‘location’, 
value=‘Conference Room A’)

Operation

Single Chat Synthesis

Step 3: Noise Injection

Concurrent Chats Synthesis

Contact 2

Name: Carol

Role: Friend

Event: Go Hiking

U
P

D
A

TE

…

Chat 1 with Alice

Chat 3 with Carol

Noise MessageNoise Noise

Noise Noise

Chat 2 with Bob

Chat 1 with Alice

Chat 3 with Carol

Chat 2 with Bob

Noise Chat

Noise Chat

Step 4: Chat Scenario Construction

Figure 2: PROEVENT construction pipeline. Left: Single chat synthesis. A contact is selected from the contact
pool, and a scheduling trajectory is generated to update an attribute of the event. This trajectory then guides the
chat generation, producing a single chat. Right: To simulate real-world concurrent chat threads, multiple chats are
combined, noise is injected, and the chats are segmented into fixed time windows.

neously while obtaining the ground truth operation330

at each time step.331

4.2 Diversity332

PROEVENT contains 2,049 single-step questions333

derived from 807 high-quality chats, 1,827 events334

and 622 timetables (Figure 3 (b)). Regarding oper-335

ation types, Delete operations are substantially less336

frequent than Insert and Update. This is because337

a Delete operation can occur at most once after338

an event is inserted, whereas insertions may occur339

without deletion, and multiple updates can be ap-340

plied to the same event. To ensure this imbalance341

does not bias the results, we additionally evaluate342

models on a balanced subset, which yields consis-343

tent findings with the full dataset (Appendix A).344

Figure 3 (a) demonstrates substantial diversity in345

event categories. In addition, to reflect real-world346

chat characteristics, PROEVENT includes scenarios347

with varying numbers of concurrent chats, different348

numbers of negotiation turns, and diverse types349

of noise. The proportions of these categories are350

illustrated in Figure 3 (c).351

4.3 Quality352

We perform human verification for each synthe-353

sized chat, focusing on whether the dialogue is354

consistent with the corresponding scheduling tra-355

jectory. Each case is independently reviewed by356

two annotators, and only cases approved by both357

are retained. As a result, 807 out of the initial358

900 chats are kept. The inter-annotator agreement,359

measured by Cohen’s κ, is 0.93, indicating strong360

consistency between annotators.361

Furthermore, to assess alignment with human362

understanding, we compare human performance 363

with state-of-the-art LLMs on a sampled subset 364

of PROEVENT. This subset consists of 122 ques- 365

tions and preserves the overall distribution of the 366

three operation types in PROEVENT. Human per- 367

formance is reported as the average across two 368

annotators, with the results presented in Table 1. 369

5 Experiment 370

5.1 Setup 371

We use PROEVENT to evaluate LLM-based proac- 372

tive agents across three categories: (1) open-source 373

LLMs: including Qwen-3 (Yang et al., 2025a), 374

Deepseek-V3.2 (Liu et al., 2025), and Deepseek- 375

R1 (Guo et al., 2025); (2) proprietary LLMs: GPT- 376

5.1; and (3) proactive-agent pipelines: Proactive, 377

which encourages LLMs to respond more proac- 378

tively, and ProCoT, which explicitly requires the 379

model to reason about whether a response is neces- 380

sary (Deng et al., 2023). 381

Since we do not observe single-step ambigu- 382

ity among operation types (e.g., an Update may 383

equal an Insert combined with a Delete), we just 384

report precision and recall for single-step perfor- 385

mance. For multi-step evaluation, an event is 386

no longer tracked once an incorrect prediction 387

occurs. Moreover, while time and participant 388

fields can be exactly matched to determine cor- 389

rectness, we use LLMs as auxiliary judges to evalu- 390

ate the correctness of open-ended location descrip- 391

tions(Appendix E). 392

5.2 Results Analysis 393

Overall performance. GPT-5.1 achieves the best 394

performance in almost all dimensions, with a False 395
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# Test Cases
# OperationsChats

# Events
Insert Update Delete# Chats Avg. #Turn

2049 807 8.26

# Concurrent Chats

# Negotiation Turns

(a) (c)

1818 1962 202

No Response

579

(b)

# Timetables

1827 622

1-4 34% 5-8 31% 9-11 20% >11 15%

2-6 28% 7-10 25% 11-14 25% 15-18 22%

Off-topic 36% Unrelated Events 36% Failed Attempt 36%Noise Content

Figure 3: Dataset Statistics. (a) illustrates the diversity of events and their corresponding chat topics. (b) presents the
benchmark statistics. (c) Shows the distribution of negotiation turns, concurrent chats, and noise content, reflecting
realistic chat characteristics.

Models Timing Single-Step Multi-Step

Insert Update Delete Overall Success Rate

FDR ↓ MNR ↓ R P R P R P R P Event Table

Qwen-3 (8B) 65.6% 52.2% 31.1% 20.6% 16.3% 21.6% 3.5% 3.3% 22.4% 20.1% 15.0% 6.9%
Qwen-3 (32B) 79.9% 39.3% 51.7% 25.9% 26.7% 34.5% 21.8% 16.6% 37.9% 27.9% 28.9% 12.1%

Qwen-3 (235B) 54.1% 35.1% 58.5% 39.6% 39.6% 48.4% 25.7% 26.0% 47.5% 42.2% 35.9% 17.2%
DeepSeek-V3.2 93.4% 38.7% 39.3% 31.9% 23.5% 30.6% 43.1% 18.0% 31.7% 29.9% 20.8% 8.8%
DeepSeek-R1 66.5% 17.4% 65.2% 37.7% 50.6% 65.4% 22.8% 50.0% 55.9% 46.8% 43.6% 16.9%
GPT-5.1 38.3% 17.0% 74.4% 62.0% 62.4% 69.4% 26.7% 90.0% 66.1% 65.6% 54.3% 30.7%

Proactive (Deepseek-V3.2) 96.0% 41.0% 40.9% 32.8% 22.9% 28.0% 40.0% 13.7% 32.0% 28.6% 21.5% 9.8%
ProCoT (Deepseek-V3.2) 40.8% 31.0% 56.5% 46.8% 43.6% 67.9% 28.2% 70.4% 48.7% 54.9% 35.9% 19.5%

Human Performance 0% 1.6% 95.7% 94.7% 97.8% 99.2% 96.9% 100% 96.9% 97.5% 94.4% 90.5%

Table 1: Evaluation results on PROEVENT. ↓ indicates that lower values are better, while all other metrics are
higher-is-better. We highlight problematic results (FDR and MNR > 90%, while all other metrics are < 10%) and
the best-performing results except humans. P and R denote Precision and Recall, respectively.

Detection Rate (FDR) of 38% for response timing,396

an overall recall of 66.1% for single-step response397

correctness (Table 1). Despite this advantage, the398

multi-step results indicate that GPT-5.1 can only399

correctly deal with about half of the events and pro-400

vides trustworthy services in merely 30% of cases.401

Similarly, DeepSeek-V3.2 achieves an Event Suc-402

cess Rate of only around 20% and a Timetable403

Success Rate below 10%, whereas human annota-404

tors reach 94.4% and 90.5%. The results under-405

score that current LLMs remain far from deliv-406

ering dependable proactive assistance and that407

PROEVENT presents a challenging benchmark.408

LLMs tend to overreact. Across nearly all eval-409

uated models, the FDR is significantly higher than410

the Missed Need Rate (MNR), suggesting a sys-411

temic bias toward over-responsiveness. For in-412

stance, DeepSeek-V3.2 exhibits an FDR more than413

50% higher than its MNR (93.4% vs. 38.7%),414

while GPT-5.1’s FDR is more than two times as415

its MNR (38.3% vs. 17.0%). These results indi-416

cate that LLMs frequently trigger proactive actions 417

when no intervention is required, yet they are rel- 418

atively more capable of avoiding omissions when 419

assistance is actually needed. Furthermore, we 420

observe that the ProCoT pipeline—which explic- 421

itly prompts the model to evaluate the necessity 422

of an action before execution—reduces DeepSeek- 423

V3.2’s FDR by more than half (from 93.4% to 424

40.8%). This suggests that deliberative reasoning 425

about response necessity mitigates LLMs’ inherent 426

tendency to over-anticipate user needs. 427

Stronger models are more prudent in deleting 428

events. GPT-5.1, DeepSeek-R1, and the ProCoT 429

strategy achieve the highest overall response cor- 430

rectness, along with the lowest FDR and MNR. 431

Notably, these models also exhibit the lowest recall 432

for Delete operations (26.7%, 22.8%, and 28.2%, 433

respectively). In contrast, although the weaker 434

DeepSeek-V3.2 attains a substantially higher recall 435

for Delete operations, its precision is only 18.0%, 436

compared with 90.0% for GPT-5.1. This discrep- 437
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ancy indicates that models with stronger response438

timing judgment and higher overall correctness439

tend to adopt a more conservative strategy when440

deciding to delete events, avoiding deletions un-441

less there is clear evidence. A similar bias has also442

been observed in prior studies, where LLMs tend to443

avoid commonsense reasoning (Li et al., 2024; Fu444

et al., 2025) and show a strong preference in binary445

Yes/No questions, In PROEVENT, such prudence446

is particularly relevant to the scenarios where users447

quit from a planned activity, or when cancellation448

cues are subtle (Section 5.3).449

(a)

(b)

Off-topic Noise Unrelated Events Noise Failed Attempt Noise

w/o Noise w/ Noise w/o Noise w/ Noise w/o Noise w/ Noise

Figure 4: Effects of dynamic interactions ((a), left),
concurrent chats ((a), right), and noise (b) on the perfor-
mance of Deepseek-R1 and GPT-5.1. Here, T denotes
the number of negotiation turns, and N denotes the num-
ber of concurrent chats.

Real-world chat complexities pose significant450

challenges for LLMs. Since PROEVENT incor-451

porates dynamic user interactions, concurrent chat452

threads, and diverse forms of noise, we examine453

how these factors affect model performance. Our454

results show that recall consistently declines across455

all evaluated models as the number of negotia-456

tion turns increases and the volume of concurrent457

threads grows (Figure 4 (a)). With respect to noise,458

we find that the semantic content of noise affects459

LLMs more than its positioning. While injecting460

off-topic noise at varying levels does not signifi-461

cantly degrade performance (Appendix C), replac-462

ing such noise with discussions of events unrelated463

to the user or failed planning attempts leads to sub-464

stantial drops in recall and precision, respectively465

(Figure 4(b)). These findings suggest that while466

LLMs can understand the semantics of chats, they 467

still struggle to robustly infer underlying human 468

intentions in complex, realistic chat settings. 469

5.3 Discussion 470

In this section, we present qualitative analysis ob- 471

servations and discuss LLMs’ deficiencies as proac- 472

tive agents.

Perspective 

Misalignment

Ignore Operation 

Requirements

Ignore Operation 

Requirements

Miss Tentative 

Events

Perspective 

Misalignment

Miss Tentative 

Events

Update 

Mismatch

Temporal Reasoning 

Mistake

Figure 5: Error distributions of GPT-5.1 and Qwen-3.

473

GPT-5.1 is prone to overlooking events implic- 474

itly expressed in narrative styles. Despite its 475

state-of-the-art reasoning capabilities, GPT-5.1 ex- 476

hibits a notable failure rate when task instructions 477

are embedded in natural, narrative dialogue. For 478

instance, in Figure 6 (c), the model fails to trigger a 479

participant update when a user provides the implicit 480

instruction to “invite the same people”. Given the 481

model’s high performance in structurally explicit 482

tasks, we hypothesize that the cause is not a lack 483

of reasoning capacity, but rather a perceptual bias 484

where the model ignores operational requirements 485

in the absence of explicit structural cues. 486

To verify this assumption, we conducted an ab- 487

lation study on a curated set of these error cases by 488

introducing two interventions: (1) substituting nar- 489

rative instructions with direct expressions (e.g., spe- 490

cific names), and (2) appending an update prompt 491

to the dialogue (see Appendix B). As shown in 492

Table 2, both interventions markedly improve GPT- 493

5.1’s performance. Notably, the update prompt 494

increases Recall by 32.0%, an effect not observed 495

in other models. These results confirm that while 496

GPT-5.1 possesses the underlying reasoning ca- 497

pabilities, its performance as a proactive agent is 498

highly sensitive to the explicitness of information 499

within the context. 500

Crucial Reasoning Abilities for Proactive 501

Agents. By comparing the error distributions of 502

GPT-5.1 and Qwen-3-32B (Figure 5), we identify 503

two error categories that are present in Qwen-3 but 504

absent in GPT-5.1: temporal reasoning mistakes 505

and update mismatch. This contrast reveals two 506
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Dialogue:

Prompt: You are a timetable manager for Jerry…

Jerry:
Actually, I’ve been looking at my calendar again, 

and it seems I might have more conflicts on 

Thursday. Maybe I can’t join you this time! I’m 

sorry for this.

Timetable:

ID … Participant Description

7604 …
[‘Jerry’, ‘Tom’, 

‘Emily’, ‘Alex’]

Try a new fitness class: 

Advanced HIIT

Output(GPT-5.1):

Dialogue:

Jerry: 
Hey everyone, I’m thinking of trying out a new 

fitness class: Advanced HIIT on Thursday. I was 

thinking of scheduling it for the same start time as 

our last 'Upper Body Strength & Core Workout 

Session’, …

Timetable:

ID … Start Time Description

3 …
2025-08-12 

16:00:00

Upper Body Strength & 

Core Workout Session

5 …
2025-08-24 

11:00:00

Workout Training 

Session

Output(Qwen3-32B):

[Insert(Start Time: 2025-10-02 11:00:00)]

(a) Perspective Misalignment (b) Update Mismatch

[Update(7604, participant, [‘Tom’, 

‘Emily’, ‘Alex’])]

Dialogue:

Jerry: 
Maria, I just realized we have a list of participants 

from the Spanish conversation practice and 

cultural discussion. Should we invite the same 

people for this meetup?

Maria: 
Sounds Great!

Timetable:

ID … Participant Description

3370 …
[‘Jerry’, ‘Maria’, 

‘Chloe’, ‘David’]

Spanish conversation 

practice and cultural 

discussion

3375 … [‘Jerry’, ‘Maria’]
Language Practice 

Meetup

Output(GPT-5.1):

[ ]

(c) Ignoring Operation Requirements

Figure 6: Error cases. LLMs make mistakes when reasoning from the user’s first-person perspective, updating one
of multiple events in the timetable, or missing required operations implicitly implied by the chats. Cases (a) and (c)
are collected from GPT-5.1, while case (b) is collected from Qwen-3-32B. Additional cases involving temporal
reasoning errors and missing tentative events are provided in Appendix 8.

Recall Precision
GPT-o5.1 56.0% 77.8%
GPT-o5.1 + direct expression 76.0% 90.5%
GPT-o5.1 + update prompt 88.0% 88%
∆ 32% 10.2%
Qwen-3 (32B) 44.0% 55.0%
Qwen-3 (32B) + direct expression 29.2% 70.0%
Qwen-3 (32B) + update prompt 44.0% 91.7%
∆ 0% 36.7%

Table 2: Effect of making implicit narratives explicit
and adding an update prompt to the chats. ∆ denotes the
performance gain, and we highlight improved results.

critical reasoning abilities that distinguish stronger507

models from weaker ones: temporal reasoning and508

memory-enhanced reasoning. In Qwen-3, tempo-509

ral reasoning errors primarily arise from incorrect510

transformations between dates and weekdays, lead-511

ing to erroneous scheduling decisions. This sug-512

gests that models lacking robust temporal reason-513

ing may benefit from auxiliary tools, such as calen-514

dar or calculator utilities, to support precise tempo-515

ral computation (Li et al., 2023; Parisi et al., 2022).516

Furthermore, as illustrated in Figure 6 (b), update517

mismatch refers to cases where the agent modifies518

an incorrect timetable entry or retrieves information519

from an unrelated historical event. This error re-520

flects a deficiency in memory-enhanced reasoning,521

which requires the agent to accurately retrieve and522

align relevant information across multiple events.523

LLMs lack a first-person user perspective when524

making decisions. To provide effective assis-525

tance in dynamic and complex environments, 526

proactive agents must consistently reason from the 527

user’s first-person perspective. However, our anal- 528

ysis reveals a systematic failure of LLMs to make 529

decisions from the user-centric viewpoint. As illus- 530

trated in Figure 6 (a), when the user (Jerry) states 531

that he will no longer attend an activity, the cor- 532

rect action is to perform a Delete operation that 533

removes the event from Jerry’s personal timetable. 534

Instead, the model frequently performs an Update 535

operation that merely removes “Jerry” from the 536

participant list while retaining the event itself. This 537

indicates that LLMs reason about events from a 538

third-person perspective rather than adopting the 539

user–centered viewpoint (Hou et al., 2024; Cheng 540

et al., 2024). This limitation poses a challenge for 541

deploying LLMs as reliable proactive agents. 542

6 Conclusion 543

We introduce PROEVENT, the first event-centric 544

benchmark designed to evaluate proactive agents’ 545

ability to track users’ upcoming events from in- 546

stant messaging chats. Through a comprehensive 547

evaluation of eight LLMs, we diagnose their sys- 548

tematic biases in both response timing and content. 549

Our analyses further reveal fundamental deficien- 550

cies of current LLMs as proactive agents, particu- 551

larly in real-world application scenarios. We hope 552

that PROEVENT will facilitate future research on 553

enhancing LLMs’ capabilities for proactive event 554

tracking in real-world settings. 555
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Limitations556

While constructing PROEVENT, we generate chats557

using LLMs. Although we promote diversity by558

varying event types and incorporating real-world559

dynamics such as negotiation complexity, concur-560

rency, and noise, the generated dialogues still tend561

to be structured and repetitive, lacking the spontane-562

ity and variability of human conversations. More-563

over, real-world event planning often involves more564

complex coordination across multiple chats and565

participants, whereas we currently assume that all566

negotiations for an event occur within a single567

chat. In future work, we plan to refine and expand568

PROEVENT to further enhance linguistic diversity569

and interaction complexity.570
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A Evaluation on a balanced subset 731

We sample a subset with a balanced distribution among Insert, Update, Delete. Specifically, we totally 732

sample 142 questions, including 130 Insert, 135 Update, and 104 Delete. The result is shown in Table ??. 733

The results demonstrate similar patterns to the results of the full dataset: LLMs achieve a significantly 734

lower recall on Delete compared with the other two operations. The results also indicate that although 735

Delete takes up a relatively small proportion of the entire dataset, it still provides a reliable evaluation. 736

Models
Single-Step

Insert Update Delete Overall

R P R P R P R P

GPT 72.3% 65.7% 54.1% 47.4% 20.2% 100% 50.9% 59.1%
Deepseek-R1 50.4% 32.2% 45.9% 47.0% 22.1% 100% 40.8% 41.9%
Qwen3 (235B) 55.7% 44.8% 34.8% 40.2% 18.3% 82.6% 37.6% 45.9%

Table 3: Evaluation results on a sampled subset, with a balanced distribution among Insert, Update, and Delete. The
results show the same trend as the results of full PROEVENT: The recall of Delete is significantly lower than the
other two operations, while the precision of Delete remains high.

B A case for the explicit expression and the update prompt 737

Figure 7 demonstrates a case for explicit expression and the update prompt. The case shows that after 738

explicitly mentioning the names of participants or adding a prompt to remind LLMs to update both correct 739

the original wrong answers. 740

C LLMs’ robustness on real-world chat complexities 741

The results in Table 3 demonstrate that almost all models’ performance degrades when the number of 742

negotiation turns and the number of concurrent chats grow. As for noise, the effect of off-topic noise is 743

negligible, while the discussions on an event unrelated to the user and a failed attempt to plan an event 744

lead to a significantly lower recall and precision, respectively. 745

Models
Negotiation Turn Concurrent Chat Noise

T=3 T=5 T=7 N=1 N=3 N=5 w/o w/ OT w/ UE w/ FA

R P R P R P R P

DeepSeek-V3.2 46.5% 34.2% 27.6% 50.0% 44.4% 30.0% 53.2% 58.3% 58.9% 64.7% 53.2% 46.7% 54.4% 19.9%
DeepSeek-R1 70.3% 57.6% 56.3% 78.2% 64.5% 56.4% 67.1% 72.6% 60.8% 69.1% 53.2% 54.5% 50.6% 19.5%
GPT-5.1 76.4% 68.7% 68.5% 83.4% 71.6% 68.6% 70.9% 76.7% 69.6% 76.4% 64.6% 73.9% 60.8% 19.8%

Proactive (Deepseek-V3.2) 45.9% 35.3% 28.5% 48.3% 43.2% 32.8% 51.9% 55.4% 61.4% 68.5% 49.4% 34.8% 49.4% 17.3%
ProCoT (Deepseek-V3.2) 63.8% 55.1% 51.8% 53.6% 46.6% 44.6% 63.3% 72.5% 65.2% 75.8% 59.5% 65.3% 63.3% 23.7%

Table 4: LLMs’ performance with different negotiation turn numbers, concurrent chat numbers, and diversifying
noise. R refers to Recall, while P refers to Precision. OT refers to the off-topic messages. UE means the discussions
about an event unrelated to the user. FA means a failed attempt to plan an event. We highlight the models’ best
performance.

D Cases on temporal reasoning mistakes and tentative events 746

Figure 8 (a) demonstrates a case for temporal reasoning mistakes, when Qwen3-32B fails to transform the 747

weekday into a date. As for the tentative events (Figure 8 (b)), LLMs fail to insert an event when the date 748

is set and the time is to be determined. This reflects that LLMs may lack an ability to handle uncertainty. 749

E Judging the Correctness of Location with LLMs 750

The description of a location can be diverse and linguistically varied even when referring to the same 751

physical entity. For example, a meeting might be described as occurring in “Room 305,” “the third-floor 752
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Dialogue:

Jerry: 
Maria, I just realized we have a list of participants 

from the Spanish conversation practice and 

cultural discussion. Should we invite the same 

people for this meetup?

Maria: 
Sounds Great!

Timetable:

ID … Participant Description

3370 …
[‘Jerry’, ‘Maria’, 

‘Chloe’, ‘David’]

Spanish conversation 

practice and cultural 

discussion

3375 … [‘Jerry’, ‘Maria’]
Language Practice 

Meetup

Output:

[ ]

Dialogue:

Jerry: 
Maria, I just realized we have a list of participants 

from the Spanish conversation practice and 

cultural discussion. Should we also invite the 

Chloe and David for this meetup?

Maria: 
Sounds Great!

Timetable:

ID … Participant Description

3370 …
[‘Jerry’, ‘Maria’, 

‘Chloe’, ‘David’]

Spanish conversation 

practice and cultural 

discussion

3375 … [‘Jerry’, ‘Maria’]
Language Practice 

Meetup

Output:

[Update(3375, participant, [‘Jerry’, ‘Maria’, 

‘Chloe’, ‘David’]) ]

Dialogue:

Jerry: 
Maria, I just realized we have a list of participants 

from the Spanish conversation practice and 

cultural discussion. Should we also invite the same 

people for this meetup [** Here is an update **]?

Maria: 
Sounds Great!

Timetable:

ID … Participant Description

3370 …
[‘Jerry’, ‘Maria’, 

‘Chloe’, ‘David’]

Spanish conversation 

practice and cultural 

discussion

3375 … [‘Jerry’, ‘Maria’]
Language Practice 

Meetup

Output:

[Update(3375, participant, [‘Jerry’, ‘Maria’, 

‘Chloe’, ‘David’]) ]

Original Explicit expression Update Prompt

Figure 7: A case for demonstrating the effect of explicit expression and the update prompt.

Dialogue:

Today is 2025-12-15.

Jerry: 

Hey everyone, I’m thinking of trying out a new 

fitness class: Advanced HIIT on Thursday. I was 

thinking of scheduling it for the same start time as 

our last 'Upper Body Strength & Core Workout 

Session’, …

Timetable:

ID … Participant Description

3 …
2025-08-12 

16:00:00

Upper Body Strength & 

Core Workout Session

Output(Qwen-3-32B):

(a) Temporal Reasoning Mistake

[Insert(Start time = 2025-12-19 

16:00:00, … ])]

Dialogue:

Chloe: 

Hey everyone, I'm thinking of scheduling our 

Monthly Book Club Meeting for this Friday. The 

time isn't set yet, but how about meeting at The 

Cozy Corner Café on 123 Main St? I know we're a 

bit tight on the schedule, but let's see what 

everyone thinks. Participants so far are Chloe, 

Jerry, Maria, Tom, and Lily. What do you all think?

Jerry:

Hey, that sounds good to me!

…

Timetable:

ID … Participant Description

Output (GPT-o5.1):

[ ]

(b) Tentative Events

Figure 8: The case for temporal reasoning mistakes and tentative events.

conference room,” or “305 Meeting Hall.” Such variations make exact string matching an unreliable753

metric for evaluation. Hence, we use GPT-5.1 with a 4-shot setting to handle the location’s open-ended754

nature and evaluate the semantic equivalence between the predicted location and the ground truth.755

The prompt is designed to provide the model with the task instruction and chat context. The specific756

prompt structure is detailed as follows. Besides, we compare the judgment consistency between GPT-5.1757

and humans on 100 randomly sampled cases; the results show that they are 100% consistent, validating758

the reliability of using an LLM as a proxy evaluator for this task.759

You are a meticulous assistant tasked with evaluating the correctness of a proactive760

agent's location extraction.761

762

Input:763

- Ground Truth Location: [ground truth location]764

- Predicted Location: [predicted location]765

- Chat Context: [chat context related to the location]766

767

Task:768
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Contact 1

Time: 2025-11-04 08:00:00

2025-11-03

Location: Conference Room 3, 
Main Building
Participant: [Me, Alice, John, 
Smith, Dr. Richard]

Time: 2025-11-04 08:00:00
Location: Conference Room 8, 
Main Building
Participant: [Me, Alice, John, 
Smith, Dr. Richard]

Location Change:
Conference Room 8

Time: 2025-11-06 10:00:00
Location: Conference Room 3, 
Main Building
Participant: [Me, Alice, John, 
Smith, Dr. Richard]

Time Change:
Thursday 10:00:00

Scheduling Trajectory

Sent by: Alice
Intention: Alice wants to schedule a 
project meeting at…. The location 
is … . The participants include … .

Result: Succeed

Sent by: Dr. Richard
Intention: Dr. Richard wants to 
change the location to Conference 
Room 8.
Result: Succeed

Sent by: John
Intention: John wants to change the 
time to Thursday 10:00:00.
Result: Success

Chat Skeleton

Chat

Alice: Hey team @John @Smith 
@Jerry @Dr. Richard, I’m looking to 
schedule the Project Meeting on 
November 4, 2025.

Dr. Richard: Hi, I think Conference 
Room 8 is a better location. It’s more 
spacious.
Alice: Sure! It’ s a good suggestion.

…

John: Alice, I just checked my calen-
dar and suddenly found I have a 
conflict! Can we move the meeting to 
10 A.M. on Thursday?

… …

Inert(time=“2025-11-04 08:00:00”, 
location=“Conference Room 3, Main 
Building”, participant=[‘Me’, ‘Alice’, 
‘John’, ‘Smith’, ‘Dr. Richard’], 
description=“Project Meeting”)

Update(id=1, attribute=‘location’, 
value=‘Conference Room 8, Main 
Building’)

Update(id=1, attribute=‘time’, 
value=‘2025-11-06 10:00:00’)

Name: Alice

Role: colleague

Event: Scheduling a project meeting

Alice’s Timetable

Operation

Chat 1 with Alice

Chat 2 with Bob

Chat 3 with Carol

Chat 1 with Alice

Chat 2 with Bob

Chat 3 with Carol

Chat 1 with Alice

Chat 2 with Bob

Chat 3 with Carol

Synthesized Chats Add Noise Noise Message

Noise Chat Noise Noise Noise Chat Noise Noise

Chat Scenario Creation

𝑡1 𝑡2 𝑡3

Figure 9: A specific case of our chat synthesis pipeline.

Determine whether the predicted location refers to the same specific place as the 769

ground-truth location. Consider abbreviations, synonyms, hierarchical descriptions, 770

and cases where the location is left implicit. 771

772

Output Format: 773

Return **CORRECT** if the two locations refer to the same place; otherwise, return 774

**INCORRECT**. 775

F A case of our chat synthesis pipeline 776

Figure 9 illustrates a concrete example of our chat synthesis pipeline. We first select a contact from the 777

contact pool and generate scheduling trajectories to simulate the event planning process. Based on these 778

trajectories, we construct a chat skeleton by specifying the event update proposer and organizing updates 779

in a narrative form. Guided by the skeleton, we generate the chat and derive ground-truth operations by 780

tracking changes in the scheduling trajectory. Finally, the lower part of Figure 9 shows how multiple chats 781

are combined to form a concurrent chat scenario. 782

G The prompts for evaluating LLMs 783

We use the following prompts to evaluate LLMs and provide four examples (Insert, Update, Delete and 784

no response) for further clarifying the definition of each operation. The prompt can also be found in the 785

questions of our dataset. 786

You are a scheduling manager for Jerry. Given a dialogue and the current timetable, 787

identify the required schedule operations. 788

789

Rules: 790

- INSERT a new event when a previously unscheduled event is confirmed. 791
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- UPDATE an existing event when its start time, end time, location, or participants change.792

- DELETE an event when it is explicitly cancelled.793

- Output [] if no operation is required.794

795

The current timetable contains confirmed and historical events and serves as contextual memory.796

If any information is unspecified, leave the corresponding field empty.797

If the date is fixed but the time is unknown, output the date only.798

Return only the operation results without any explanation.799

800

Operation formats:801

1. INSERT: (INSERT, {"start_time": "%Y-%m-%d %H:%M:%S",802

"end_time": "%Y-%m-%d %H:%M:%S",803

"location": str,804

"participant": list,805

"description": str})806

807

2. UPDATE: (UPDATE, {"id": int,808

"attribute": str,809

"value": str})810

811

3. DELETE: (DELETE, {"id": int})812
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