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Abstract

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

To bridge these gaps, we introduce PROEVENT,
the first event-centric benchmark designed to
assess an agent’s ability to proactively maintain
auser’s timetable based on ongoing instant mes-
saging chats. PROEVENT provides synthesized
yet realistic chats that consider the dynamic in-
teraction among users, concurrent chat threads,
and noise in the real world, and evaluates proac-
tive agents on response timing, single-step re-
sponse correctness, and multi-step response
correctness. Experiments on eight LLMs and
pipelines reveal that current agents frequently
overact and struggle with event cancellation.
Notably, even the state-of-the-art GPT-5.1 pro-
vides redundant assistance in 30% of cases and
achieves only 26.7% recall in event cancella-
tion scenarios. Further qualitative analysis re-
veals fundamental limitations of current LLMs
as proactive agents, particularly in detecting
implicit events and reasoning from the user’s
first—person perspective.

1 Introduction

Recent advances in large language models (LLMs)
have enabled agentic systems to support humans in
diverse tasks (Xie et al., 2024; Zhang et al., 2025).
However, most existing LLM-based agents remain
reactive, largely relying on explicit user instruc-
tions, which may result in repetitive human inter-

vention and the risk of missing time-sensitive infor-
mation. To address these limitations, it is essential
to develop proactive agents that can autonomously
perceive and respond to their environment.

Events, defined as the activities a user plans to
attend, are critical for proactive agents. For one
thing, anticipating a user’s upcoming events en-
ables proactive agents to provide continuous and
seamless assistance in advance. For example, when
a user schedules a hiking trip, recording the time
and location allows agents to proactively remind
the user of weather conditions in advance, as well
as offer navigation assistance before departure. For
another thing, maintaining event records enables
agents to deliver assistance tailored to specific ac-
tivities. For instance, a proactive agent may suggest
reserving a table for a planned meal or remind the
user to prepare for an upcoming meeting.

There have been several proactive agent bench-
marks focusing on human-—device interactions (Lu
et al., 2024; Yang et al., 2025¢; Zhao et al., 2025;
Pasternak et al., 2025), aiming to provide immedi-
ate assistance for users (e.g., summarizing a web-
page when the user opens it). However, they suffer
from two limitations. First, to the best of our knowl-
edge, no existing benchmarks evaluate proactive
agents’ ability to track users’ upcoming events,
which limits their capacity to provide continuous
and long-term assistance for future activities. Sec-
ond, most existing benchmarks lack reliable eval-
uation protocols due to the open-ended nature of
the predicted responses. They typically rely on se-
mantic similarity (Yang et al., 2025¢) or use LLMs
to simulate a human judge (Lu et al., 2024; Paster-
nak et al., 2025), which may not accurately reflect
the correctness or usefulness of the agent response.

In light of these limitations, we propose an
Event-centric Benchmark for Proactive Agents
(PROEVENT). PROEVENT focuses on a concrete
task: maintaining a user’s timetable by proactively
collecting event information from the ongoing in-



T 2025-11-21

() D, = [D}, D7

Research Group Chat Chat with Alice

Member: Clarence, Henry, Sam, Olivia ~
Quoc, Me PN
Alice

a lunch together tomorrow?

Hi, how’s going? How about having

We'll have our weekly research

< =z |Sounds great! How about 12 P.M.?

meeting at 2 P.M. today. Let's

Quoc | meet at Meeting Room 305 Me | Let's meet at Canteen 1.
#® | Perfect! That works for me! See u
<+ |tomorrow!
Alice

@J D, = [Dzl]

Research Group Chat
Member: Clarence, Henry, Sam, Olivia
Quoc, Me

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

G-
Quoc

@J D3 = [Dal ]
Chat with Alice

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

e
Alice

&

Me

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

B3 So

Description

Time Location

Participant
‘?i Insert (#
ce
B s
oeroton | _tine | _tosston _|_paricot

2025-11-22 12:00:00

[Clarence, Henry, Sam,

Research Meeting Olivia, Quoc, Me]

Meeting Room 305

Lunch meet up Canteen 1 [Alice. Me]

i?l Update @
[Clarence, Henry, Sam,

Olivia, Quoc, Me]
2025-11-22 12:00.00

B s,

Description

Research Meetind Meeting Room 305

Lunch mest up Canteen 1 [Alice, Me] I

l?i Delete E]
cc
=

[Clarence, Henry, Sam,

2025-11-21 15:00:00 Olivia, Quoc, Mel

Research Mesting Mesting Room 305

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. D, refers to the messages received between

t — 1 and t. S; refers to the user’s timetable at time ¢.

stant messaging chats. We focus on instant mes-
saging chats because they are ubiquitous in the
real world yet highly challenging, due to dynamic
speaker interactions, concurrent chat threads,
and pervasive noise (Zhang et al., 2020; Sapkota
et al., 2025). To construct PROEVENT, we develop
a data generation pipeline that synthesizes realistic
chats with rigorous human quality control. Further-
more, we provide a comprehensive evaluation suite
that assesses both the timeliness and the correctness
of proactive responses.

In this work, using PROEVENT, we evaluate
eight LLMs and pipelines, and find that they tend
to overreact for users and struggle with event can-
cellation scenarios. Furthermore, we show that
real-world chat complexities, including dynamic
interactions, concurrent chats, and noise, all sub-
stantially challenge LLMSs’ performance as proac-
tive agents. Our qualitative analysis further reveals
key deficiencies in current LLMs, including dif-
ficulties in capturing implicit events and making
decisions from the user’s first-person perspective.

2 Related Work

Proactive Agent Benchmark. Recently, several
benchmarks have been proposed to evaluate proac-
tive agents. ProactiveBench (Lu et al., 2024) and
FingerTip (Yang et al., 2025c) formulate proac-

tive response as a sequential prediction problem,
predicting the user’s next-step action, whereas
PROBE (Pasternak et al., 2025) provides rich con-
textual information and requires agents to address
users’ potential needs with tools. Beyond bench-
marks, Proactive VA (Zhao et al., 2025) and ProA-
gent (Yang et al., 2025b) propose proactive agent
pipelines for GUI operations and smart glasses,
evaluated in real-world settings with feedback from
users. All these works evaluate both response tim-
ing and response correctness, with correctness be-
ing more challenging to assess due to the open-
ended nature of the response. ProactiveBench (Lu
et al., 2024) addresses this by fine-tuning a small
model to simulate human judgment, whereas Fin-
gerTip (Yang et al., 2025¢) relies on semantic simi-
larity between predictions and ground truth. How-
ever, both approaches lack objective grounding for
evaluation. To address this limitation, PROEVENT
introduces a comprehensive evaluation suite that en-
ables objective assessment of response correctness
based on the correctness of the user’s timetable. In
addition, with respect to data sources, most of exist-
ing works face challenges in acquiring real-world
data and therefore rely on synthetic datasets. While
we also synthesize chats, we design a pipeline to
maximize chat realism and ensure high data quality
through rigorous quality control.



Chat Synthesis with LLMs Prior works have
applied LLMs to synthesize realistic dialogues
by firstly defining the role profiles and then guid-
ing the interactions between roles with structured
prompts (Wu et al., 2023; Qiu and Lan, 2024;
Wang et al., 2023; Park et al., 2023). While these
works provide useful insights, synthesizing real-
istic instant messaging chats must capture addi-
tional key characteristics, including interaction dy-
namics, concurrent chat threads, and pervasive
noise (Zhang et al., 2020; Sapkota et al., 2025).
Specifically, in negotiation scenarios, conversa-
tional goals often evolve over time, resulting in
dynamic interactions among speakers that are chal-
lenging for models to accurately track the cur-
rent interaction state (Peng et al., 2018; Wu et al.,
2019). Moreover, prior work has shown that han-
dling concurrent chats introduces additional com-
plexity (Sapkota et al., 2025), while the noise
can obscure critical information and distract mod-
els (Yang et al., 2023; Sapkota et al., 2025). Ac-
cordingly, to account for these challenges, we syn-
thesize realistic chats with multiple negotiation
turns during event planning, construct scenarios
with varying numbers of concurrent chats, and in-
ject diverse noise, as detailed in Section 4.

3 Problem Formulation and Evaluation

3.1 Problem Formulation

As PROEVENT introduces a novel task, we first
formalize the problem and then present the corre-
sponding evaluation suite in next section.

As shown in Figure 1, given a set of IV chats
D, = {D},D?,..., D]} received by the user be-
tween time ¢ — 1 and time ¢, the goal of PROEVENT
is to update the user’s timetable from the previous
state S;_1 to a new state .S;.

St = f(Si-1, Dy) ey

Each timetable S; = {E1, Eo,..., Eyp} con-
sists of M events. Following the widely adopted
iCalendar data format, each event contains struc-
tured attributes including start time, end time, lo-
cation, participants, and a brief description. Each
chat D} is a multi-turn dialogue between the user
and a contact or within a group conversation.

To better reflect real-world proactive agent set-
tings (e.g., GPT-Pulse! and Mine Context?), we

lhttps://openai.com/zh—Hans—CN/index/
introducing-chatgpt-pulse/
Zhttps://github.com/volcengine/MineContext

adopt a discrete-time formulation in which agents
collect environmental context changes within fixed
time intervals. Hence, all chats received within the
same interval are processed jointly, and a single
event may be updated across multiple time steps.

To avoid repeatedly outputting unchanged events
at each time step, we require agents to generate
explicit timetable operations rather than directly
outputting the updated timetable. We define three
operations: Insert, Update, and Delete.

Insert(time, location, participants, description):
Insert a new event into the timetable with the
specified attributes.

Update(id, attribute, value): Modify the speci-
fied attribute of the event identified by id using the
provided value.

Delete(id): Remove the event with the specified
id from the timetable.

Hence, at each time step t, the agent outputs a
list of timetable operations.

3.2 Evaluation Suite

Given an agent’s predicted operations at time ¢;, de-
noted as P;,, and the ground-truth operations Gy,
we evaluate proactive agents from three perspec-
tives: (1) response timing, (2) single-step correct-
ness, and (3) multi-step correctness.

Response Timing. Response timing evaluates
whether the agent triggers assistance or stays await
at appropriate time steps. We adopt the following
two metrics.

False Detection Rate (FDR) measures the pro-
portion of time steps where the agent produces
operations when no ground-truth operation is re-
quired:

B Ztl]l(|Ptz’ >0A |Gtz‘ = 0)
>, I(IGw] = 0)
Missed Need Rate (MNR) measures the proportion
of time steps where the agent fails to respond when
ground-truth operations exist:

Zti H(|Pt¢| =0A ’Gt1| > O)
th’ H(|Ptz“ = 0)
Single-step Response Correctness. At each
time step t;, the agent predicts a set of operations
P;,, which is compared against the ground truth set

G¢,. To evaluate the response correctness at each
time step, we adopt Precision and Recall:
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Multi-step Response Correctness. We evalu-
ate response correctness in a multi step setting us-
ing two metrics: Event Success Rate (ESR) and
Timetable Success Rate (TSR). ESR measures the
proportion of events that are correctly predicted af-
ter multiple steps of accumulation, where an event
is considered correct only if all its attributes match
the ground truth. 7SR measures the proportion of
completely correct timetables, where a timetable
is considered correct only when all events it con-
tains are correct. Notably, beyond evaluating multi—
step response correctness, ESR and TSR are also
designed to resolve ambiguities in single—step eval-
uation. For example, an Update operation may lead
to the same final event state as a Delete followed by
an Insert. Although the two responses differ at the
single-step level, both should be considered correct.
Evaluation on success rate resolves this ambiguity.

Recall = )

4 PROEVENT

4.1 Data Construction

To better understand PROEVENT, we first intro-
duce its construction pipeline, which underpins the
analysis of its diversity and quality.

Step one: Contact Pool Construction. To en-
sure consistency in the generated dialogues, we
predefine a profile for each contact, including their
name, role, and events to plan. For example, a col-
league is more likely to schedule a project meeting,
whereas a sports enthusiast may arrange a hiking.
Additionally, to promote diversity and realism of
these profiles, we draw inspiration from the defined
personalities in PersonaChat (Zhang et al., 2018)
and define 50 different profiles.

Step two: Chat Synthesis. At this stage, we syn-
thesize chats involving selected contacts from the
contact pool. To simulate the dynamic interactions
of real-world conversations, we generate dialogues
for negotiating and updating planned events with
varying numbers of turns. We first create a schedul-
ing trajectory that records the true state of all events
at each time step. This trajectory then guides the
chat generation, ensuring that each dialogue aligns
with the underlying event timeline.

2.1 Scheduling Trajectory Generation.

To generate sequential scheduling trajectories
that capture how events evolve over time, we start
from an initialized event and iteratively modify

its attributes, including time, location, and partic-
ipants. To enhance the flexibility and diversity of
the generated trajectories, we define three atomic
operations to model these modifications (Xu et al.,
2024; Mathur et al., 2025): (1) Simple Modifica-
tion, which simulates negotiation adjustments (e.g.,
“I have another meeting at 10 A.M., so can we
change the time to 5 PM.?”); (2) Timetable Linking,
which references existing or historical events in the
timetable (e.g., “Let’s meet in the same conference
room as last time”); and (3) Detail Removal, which
represents tentative events with incomplete infor-
mation (e.g., “Let’s meet tomorrow; I'll provide
the specific location later”). The outcome of each
operation can be either successful or unsuccessful.
By randomly selecting an atomic operation and a
target attribute at each turn, we generate scheduling
trajectories with diversity and realistic variations.

2.2 Chat Generation. Based on the generated
scheduling trajectory, we construct a corresponding
chat skeleton that serves as a high-level blueprint
for dialogue generation (Appendix F). Finally, we
use gpt-3.5-turbo-0613 to generate dialogues
that strictly adhere to the ground truths in the
scheduling trajectory.

Step three: Noise Injection. Noise is an impor-
tant factor in real-world proactive agent applica-
tions. To construct realistic test cases, we inject
three types of noise into all generated chats: (1)
Message-level noise, messages irrelevant to the tar-
get event but interleaved with relevant messages
within a chat; (2) Chat-level noise, an entire chat
unrelated to the target event; and (3) Event-level
noise, where additional determined or historical
events in the timetable may distract the agent from
operating on the correct event. In terms of content,
we diversify noise to include off-topic messages,
discussions about events unrelated to the user, and
failed attempts to schedule events (Li et al., 2025;
Higashinaka et al., 2021). This variety ensures the
evaluation in a realistic chat environment.

Step Four: Chat Scenario Construction. To
simulate concurrent chat threads and the periodic
context collection setting in the real world, we
merge multiple chats and segment them into fixed
time windows. Based on these time windows and
the generated scheduling trajectories, we derive
ground truth operations for each time step by com-
paring event states across successive windows. In
this way, we construct scenarios which require
agents to handle multiple chats and events simulta-
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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 operation
at each time step.

4.2 Diversity

PROEVENT contains 2,049 single-step questions
derived from 807 high-quality chats, 1,827 events
and 622 timetables (Figure 3 (b)). Regarding oper-
ation types, Delete operations are substantially less
frequent than Insert and Update. This is because
a Delete operation can occur at most once after
an event is inserted, whereas insertions may occur
without deletion, and multiple updates can be ap-
plied to the same event. To ensure this imbalance
does not bias the results, we additionally evaluate
models on a balanced subset, which yields consis-
tent findings with the full dataset (Appendix A).

Figure 3 (a) demonstrates substantial diversity in
event categories. In addition, to reflect real-world
chat characteristics, PROEVENT includes scenarios
with varying numbers of concurrent chats, different
numbers of negotiation turns, and diverse types
of noise. The proportions of these categories are
illustrated in Figure 3 (c).

4.3 Quality

We perform human verification for each synthe-
sized chat, focusing on whether the dialogue is
consistent with the corresponding scheduling tra-
jectory. Each case is independently reviewed by
two annotators, and only cases approved by both
are retained. As a result, 807 out of the initial
900 chats are kept. The inter-annotator agreement,
measured by Cohen’s &, is 0.93, indicating strong
consistency between annotators.

Furthermore, to assess alignment with human

understanding, we compare human performance
with state-of-the-art LLMs on a sampled subset
of PROEVENT. This subset consists of 122 ques-
tions and preserves the overall distribution of the
three operation types in PROEVENT. Human per-
formance is reported as the average across two
annotators, with the results presented in Table 1.

S Experiment

5.1 Setup

We use PROEVENT to evaluate LLM-based proac-
tive agents across three categories: (1) open-source
LLMs: including Qwen-3 (Yang et al., 2025a),
Deepseek-V3.2 (Liu et al., 2025), and Deepseek-
R1 (Guo et al., 2025); (2) proprietary LLMs: GPT-
5.1; and (3) proactive-agent pipelines: Proactive,
which encourages LL.Ms to respond more proac-
tively, and ProCoT, which explicitly requires the
model to reason about whether a response is neces-
sary (Deng et al., 2023).

Since we do not observe single-step ambigu-
ity among operation types (e.g., an Update may
equal an Insert combined with a Delete), we just
report precision and recall for single-step perfor-
mance. For multi-step evaluation, an event is
no longer tracked once an incorrect prediction
occurs. Moreover, while time and participant
fields can be exactly matched to determine cor-
rectness, we use LLMs as auxiliary judges to evalu-
ate the correctness of open-ended location descrip-
tions(Appendix E).

5.2 Results Analysis

Overall performance. GPT-5.1 achieves the best
performance in almost all dimensions, with a False
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Timi Single-Step Multi-Step

Models tming
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-5.1 383% 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,
an overall recall of 66.1% for single-step response
correctness (Table 1). Despite this advantage, the
multi-step results indicate that GPT-5.1 can only
correctly deal with about half of the events and pro-
vides trustworthy services in merely 30% of cases.
Similarly, DeepSeek-V3.2 achieves an Event Suc-
cess Rate of only around 20% and a Timetable
Success Rate below 10%, whereas human annota-
tors reach 94.4% and 90.5%. The results under-
score that current LLLMs remain far from deliv-
ering dependable proactive assistance and that
PROEVENT presents a challenging benchmark.

LLMs tend to overreact. Across nearly all eval-
uated models, the FDR is significantly higher than
the Missed Need Rate (MNR), suggesting a sys-
temic bias toward over-responsiveness. For in-
stance, DeepSeek-V3.2 exhibits an FDR more than
50% higher than its MNR (93.4% vs. 38.7%),
while GPT-5.1’s FDR is more than two times as
its MNR (38.3% vs. 17.0%). These results indi-

cate that LLMs frequently trigger proactive actions
when no intervention is required, yet they are rel-
atively more capable of avoiding omissions when
assistance is actually needed. Furthermore, we
observe that the ProCoT pipeline—which explic-
itly prompts the model to evaluate the necessity
of an action before execution—reduces DeepSeek-
V3.2’s FDR by more than half (from 93.4% to
40.8%). This suggests that deliberative reasoning
about response necessity mitigates LLMs’ inherent
tendency to over-anticipate user needs.

Stronger models are more prudent in deleting
events. GPT-5.1, DeepSeek-R1, and the ProCoT
strategy achieve the highest overall response cor-
rectness, along with the lowest FDR and MNR.
Notably, these models also exhibit the lowest recall
for Delete operations (26.7%, 22.8%, and 28.2%,
respectively). In contrast, although the weaker
DeepSeek-V3.2 attains a substantially higher recall
for Delete operations, its precision is only 18.0%,
compared with 90.0% for GPT-5.1. This discrep-



ancy indicates that models with stronger response
timing judgment and higher overall correctness
tend to adopt a more conservative strategy when
deciding to delete events, avoiding deletions un-
less there is clear evidence. A similar bias has also
been observed in prior studies, where LLMs tend to
avoid commonsense reasoning (Li et al., 2024; Fu
et al., 2025) and show a strong preference in binary
Yes/No questions, In PROEVENT, such prudence
is particularly relevant to the scenarios where users
quit from a planned activity, or when cancellation
cues are subtle (Section 5.3).
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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 significant
challenges for LLLMs. Since PROEVENT incor-
porates dynamic user interactions, concurrent chat
threads, and diverse forms of noise, we examine
how these factors affect model performance. Our
results show that recall consistently declines across
all evaluated models as the number of negotia-
tion turns increases and the volume of concurrent
threads grows (Figure 4 (a)). With respect to noise,
we find that the semantic content of noise affects
LLMs more than its positioning. While injecting
off-topic noise at varying levels does not signifi-
cantly degrade performance (Appendix C), replac-
ing such noise with discussions of events unrelated
to the user or failed planning attempts leads to sub-
stantial drops in recall and precision, respectively
(Figure 4(b)). These findings suggest that while

LLMSs can understand the semantics of chats, they
still struggle to robustly infer underlying human
intentions in complex, realistic chat settings.

5.3 Discussion

In this section, we present qualitative analysis ob-
servations and discuss LLMs’ deficiencies as proac-
tive agents.
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Temporal Reasoning
Miss Tentative Mistake
Events

Update \/ y
.\hmmché\,/fd’ Miss Tentative
Events

Ignore Operation
Requirements

Perspective
Misalignment

Perspective
Misalignment

Ignore Operation
Requirements

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

GPT-5.1 is prone to overlooking events implic-
itly expressed in narrative styles. Despite its
state-of-the-art reasoning capabilities, GPT-5.1 ex-
hibits a notable failure rate when task instructions
are embedded in natural, narrative dialogue. For
instance, in Figure 6 (c), the model fails to trigger a
participant update when a user provides the implicit
instruction to “invite the same people”. Given the
model’s high performance in structurally explicit
tasks, we hypothesize that the cause is not a lack
of reasoning capacity, but rather a perceptual bias
where the model ignores operational requirements
in the absence of explicit structural cues.

To verify this assumption, we conducted an ab-
lation study on a curated set of these error cases by
introducing two interventions: (1) substituting nar-
rative instructions with direct expressions (e.g., spe-
cific names), and (2) appending an update prompt
to the dialogue (see Appendix B). As shown in
Table 2, both interventions markedly improve GPT-
5.1’s performance. Notably, the update prompt
increases Recall by 32.0%, an effect not observed
in other models. These results confirm that while
GPT-5.1 possesses the underlying reasoning ca-
pabilities, its performance as a proactive agent is
highly sensitive to the explicitness of information
within the context.

Crucial Reasoning Abilities for Proactive
Agents. By comparing the error distributions of
GPT-5.1 and Qwen-3-32B (Figure 5), we identify
two error categories that are present in Qwen-3 but
absent in GPT-5.1: temporal reasoning mistakes
and update mismatch. This contrast reveals two



(a) Perspective Misalignment (b) Update Mismatch (c) Ignoring Operation Requirements
Dialogue: Dialogue: Dialogue:
Prompt: You are a timetable manager for Jerry... Jerry: Jerry:
Jerry: Hey everyone, I'm thinking of trying out a new Maria, I just realized we have a list of participants

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.

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’, ...

o T T o | e
3

Upper Body Strength &
Core Workout Session

Workout Training
Session

from the Spanish conversation practice and
cultural discussion. Should we invite the same
people for this meetup?

Maria:

Sounds Great!

Timetable:

(o 1] e

Spanish conversation
practice and cultural
discussion

[‘Jerry’, ‘Maria’,
=570 “Chloe’, ‘David’]
< O Ve Language Practice
[‘Jerry’, ‘Maria’] Meetup

[Update(7604, participant, [‘Tom’,
‘Emily’, ‘Alex’])]

Timetable: Timetable:
Co T ] o | oo
7604 [Jerry’, “Tom’, Try a new fitness class: 2025-08-12
‘Emily’, ‘Alex’] Advanced HIIT 16:00:00
5 2025-08-24
11:00:00
Output(GpT-5.1): Output(Qwen3-32B):

Output(GprT-5.1):
[Insert(Start Time: 2025-10-02 11:00:00)] [1

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-05.1 56.0% 77.8%
GPT-05.1 + direct expression 76.0% 90.5%
GPT-05.1 + update prompt 88.0% 88%

A 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%
A 0% 36.7%

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

critical reasoning abilities that distinguish stronger
models from weaker ones: temporal reasoning and
memory-enhanced reasoning. In Qwen-3, tempo-
ral reasoning errors primarily arise from incorrect
transformations between dates and weekdays, lead-
ing to erroneous scheduling decisions. This sug-
gests that models lacking robust temporal reason-
ing may benefit from auxiliary tools, such as calen-
dar or calculator utilities, to support precise tempo-
ral computation (Li et al., 2023; Parisi et al., 2022).
Furthermore, as illustrated in Figure 6 (b), update
mismatch refers to cases where the agent modifies
an incorrect timetable entry or retrieves information
from an unrelated historical event. This error re-
flects a deficiency in memory-enhanced reasoning,
which requires the agent to accurately retrieve and
align relevant information across multiple events.

LLMs lack a first-person user perspective when
making decisions. To provide effective assis-

tance in dynamic and complex environments,
proactive agents must consistently reason from the
user’s first-person perspective. However, our anal-
ysis reveals a systematic failure of LLMs to make
decisions from the user-centric viewpoint. As illus-
trated in Figure 6 (a), when the user (Jerry) states
that he will no longer attend an activity, the cor-
rect action is to perform a Delete operation that
removes the event from Jerry’s personal timetable.
Instead, the model frequently performs an Update
operation that merely removes “Jerry” from the
participant list while retaining the event itself. This
indicates that LLMs reason about events from a
third-person perspective rather than adopting the
user—centered viewpoint (Hou et al., 2024; Cheng
et al., 2024). This limitation poses a challenge for
deploying LL.Ms as reliable proactive agents.

6 Conclusion

We introduce PROEVENT, the first event-centric
benchmark designed to evaluate proactive agents’
ability to track users’ upcoming events from in-
stant messaging chats. Through a comprehensive
evaluation of eight LLMs, we diagnose their sys-
tematic biases in both response timing and content.
Our analyses further reveal fundamental deficien-
cies of current LLMs as proactive agents, particu-
larly in real-world application scenarios. We hope
that PROEVENT will facilitate future research on
enhancing LLMs’ capabilities for proactive event
tracking in real-world settings.



Limitations

While constructing PROEVENT, we generate chats
using LLMs. Although we promote diversity by
varying event types and incorporating real-world
dynamics such as negotiation complexity, concur-
rency, and noise, the generated dialogues still tend
to be structured and repetitive, lacking the spontane-
ity and variability of human conversations. More-
over, real-world event planning often involves more
complex coordination across multiple chats and
participants, whereas we currently assume that all
negotiations for an event occur within a single
chat. In future work, we plan to refine and expand
PROEVENT to further enhance linguistic diversity
and interaction complexity.
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A Evaluation on a balanced subset

We sample a subset with a balanced distribution among Insert, Update, Delete. Specifically, we totally
sample 142 questions, including 130 Insert, 135 Update, and 104 Delete. The result is shown in Table ??.
The results demonstrate similar patterns to the results of the full dataset: LLLMs achieve a significantly
lower recall on Delete compared with the other two operations. The results also indicate that although
Delete takes up a relatively small proportion of the entire dataset, it still provides a reliable evaluation.

Single-Step

Models 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% = 402%  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

Figure 7 demonstrates a case for explicit expression and the update prompt. The case shows that after
explicitly mentioning the names of participants or adding a prompt to remind LLMs to update both correct
the original wrong answers.

C LLMSs’ robustness on real-world chat complexities

The results in Table 3 demonstrate that almost all models’ performance degrades when the number of
negotiation turns and the number of concurrent chats grow. As for noise, the effect of oft-topic noise is
negligible, while the discussions on an event unrelated to the user and a failed attempt to plan an event
lead to a significantly lower recall and precision, respectively.

Negotiation Turn Concurrent Chat Noise
Models To3 Tes To7 Nel Ned  Nes wlo 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

Figure 8 (a) demonstrates a case for temporal reasoning mistakes, when Qwen3-32B fails to transform the
weekday into a date. As for the tentative events (Figure 8 (b)), LLMs fail to insert an event when the date
is set and the time is to be determined. This reflects that LLMs may lack an ability to handle uncertainty.

E Judging the Correctness of Location with LL.Ms

The description of a location can be diverse and linguistically varied even when referring to the same
physical entity. For example, a meeting might be described as occurring in “Room 305,” “the third-floor
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Original

Explicit expression

Update Prompt

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:

n- Participant

[Jerry’, ‘Maria’ Spanish conversation

3370 “Chloe’, “David’] practlc.e and.cultural
discussion
¢ P L Language Practice
3375 [‘Jerry’, ‘Maria’] 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:

o T T v

. Spanish conversation
[‘Jerry’, “Maria’,

3370 “Chloe’, “David’] pracucp and-culrural
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:

n ! Participant

[Jerry’, ‘Maria’, Spanish conversation

3370 “Chloe’, “David’] practlge and.cultural
discussion
< 5 ¢ i Language Practice
3375 [‘Jerry’, ‘Maria’] Meetup
Output:

[Update(3375, participant, [‘Jerry’, ‘Maria’,@
‘Chloe’, ‘David’]) ]

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

(a) Temporal Reasoning Mistake (b) Tentative Events
Dialogue: Dialogue:
Today is 2025-12-15. Chloe:
Jerry: Hey everyone, I'm thinking of scheduling our

Session’, ...

Timetable:

2025-08-12
16:00:00

Output(Qwen-3-32B):

16:00:00, ... )]

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

n - TR
3 oo

[Insert(Start time = 2025-12-

Jerry:
Hey, that sounds good to me!

Upper Body Strength & Timetable:

Core Workout Session

Output (GPT-05.1):

19 []

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?

Co T T i | o

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

conference room,” or “305 Meeting Hall.” Such variations make exact string matching an unreliable
metric for evaluation. Hence, we use GPT-5.1 with a 4-shot setting to handle the location’s open-ended
nature and evaluate the semantic equivalence between the predicted location and the ground truth.

The prompt is designed to provide the model with the task instruction and chat context. The specific
prompt structure is detailed as follows. Besides, we compare the judgment consistency between GPT-5.1
and humans on 100 randomly sampled cases; the results show that they are 100% consistent, validating
the reliability of using an LLM as a proxy evaluator for this task.

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

agent's location extraction.

Input:

- Ground Truth Location: [ground truth location]
- Predicted Location: [predicted location]

- Chat Context:

Task:

[chat context related to the location]
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Scheduling Trajectory

Time: 2025-11-04 08:00:00 Location Change: Time: 2025-11-04 08:00:00 Time Change: Time: 2025-11-06 10:00:00
Location: Conference Room 3, | Conference Room 8 ,| Location: Conference Room 8, | Thursday 10:00:00 | Location: Conference Room 3,
Main Building Main Building Main Building
2025-11-03 Participant: [Me, Alice, John, Participant: [Me, Alice, John, Participant: [Me, Alice, John,
Smith, Dr. Richard] Smith, Dr. Richard] Smith, Dr. Richard]
Contactl )

Name: Alice

Role: colleague Chat Skeleton

Event: Scheduling a project meeting Sent by: Alice Sent by: Dr. Richard Sent by: John
Intention: Alice wants to schedule a Intention: Dr. Richard wants to Intention: John wants to change the

- project meeting at.... The location change the location to Conference time to Thursday 10:00:00.

Alice’s Timetable is ... . The participants include ... . Room 8. Result: Success
Research Meeting  2025-11-21150000  MestingRoom 305 gyence ™ Sam
Chat
Alice: Hey team @John @Smith Dr. Richard: Hi, | think Conference John: Alice, | just checked my calen-
@Jerry @Dr. Richard, I'm looking to Room 8 is a better location. It’s more dar and suddenly found | have a
schedule the Project Meeting on spacious. conflict! Can we move the meeting to
November 4, 2025. Alice: Sure! It’ s a good suggestion. 10 A.M. on Thursday?
Operation
Inert(time="2025-11-04 08:00:00", Update(id=1, attribute="location’, Update(id=1, attribute="time’,
location="Conference Room 3, Main value=‘Conference Room 8, Main value='2025-11-06 10:00:00")
» [Building”, participant=[‘Me’, ‘Alice’, Building’)

‘John’, ‘Smith’, ‘Dr. Richard’],
description="Project Meeting”)

Synthesized Chats |:> Add Noise |:> Chat Scenario Creation

| :

Chat 3 with Carol |:'—|:| Chat 3 with Carol |:'—|:| Chat 3 with Carol |:'—,|:| ’
I I

Noise Chat Noise Chat , H
)

ty 123 t3

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

Determine whether the predicted location refers to the same specific place as the
ground-truth location. Consider abbreviations, synonyms, hierarchical descriptions,
and cases where the location is left implicit.

Output Format:
Return **CORRECT** if the two locations refer to the same place; otherwise, return
*%*INCORRECT** .

F A case of our chat synthesis pipeline

Figure 9 illustrates a concrete example of our chat synthesis pipeline. We first select a contact from the
contact pool and generate scheduling trajectories to simulate the event planning process. Based on these
trajectories, we construct a chat skeleton by specifying the event update proposer and organizing updates
in a narrative form. Guided by the skeleton, we generate the chat and derive ground-truth operations by
tracking changes in the scheduling trajectory. Finally, the lower part of Figure 9 shows how multiple chats
are combined to form a concurrent chat scenario.

G The prompts for evaluating LLMs

We use the following prompts to evaluate LLMs and provide four examples (Insert, Update, Delete and
no response) for further clarifying the definition of each operation. The prompt can also be found in the
questions of our dataset.

You are a scheduling manager for Jerry. Given a dialogue and the current timetable,
identify the required schedule operations.

Rules:
- INSERT a new event when a previously unscheduled event is confirmed.
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- UPDATE an existing event when its start time, end time, location, or participants change.
- DELETE an event when it is explicitly cancelled.
- Qutput [] if no operation is required.

The current timetable contains confirmed and historical events and serves as contextual memory.
If any information is unspecified, leave the corresponding field empty.

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

Return only the operation results without any explanation.

Operation formats:

1. INSERT: (INSERT, {"start_time": "%Y-%m-%d %H:%M:%S",
"end_time": "%Y-%m-%d %H:%M:%S",
"location”: str,
"participant”: list,
"description”: str})

2. UPDATE: (UPDATE, {"id": int,
"attribute": str,

"value": str})

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