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ProactiveMobile: A Comprehensive Benchmark for Boosting Proactive
Intelligence on Mobile Devices
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Abstract

Multimodal large language models (MLLMs) have made
significant progress in mobile agent development, yet
their capabilities are predominantly confined to a reactive
paradigm, where they merely execute explicit user com-
mands. The emerging paradigm of proactive intelligence,
where agents autonomously anticipate needs and initiate
actions, represents the next frontier for mobile agents.
However, its development is critically bottlenecked by the
lack of benchmarks that can address real-world complexity
and enable objective, executable evaluation. To overcome
these challenges, we introduce ProactiveMobile, a com-
prehensive benchmark designed to systematically advance
research in this domain. ProactiveMobile formalizes the
proactive task as inferring latent user intent across four di-
mensions of on-device contextual signals and generating an
executable function sequence from a comprehensive func-
tion pool of 63 APIs. The benchmark features over 3,660
instances of 14 scenarios that embrace real-world complex-
ity through multi-answer annotations. To ensure quality, a
team of 30 experts conducts a final audit of the benchmark,
verifying factual accuracy, logical consistency, and action
feasibility, and correcting non-compliant entries. Extensive
experiments demonstrate that our fine-tuned Qwen2.5-VL-
7B-Instruct achieves a success rate of 20.82%, outperform-
ing ol (17.02%) and GPT-5 (11.37%). This result indicates
that proactivity is a critical competency widely lacking in
current MLLMSs, yet it is learnable, emphasizing the impor-
tance of the proposed benchmark for proactivity evaluation.
Data and code are available at https://github.com/
xiaomi-research/proactive-mobile.

1. Introduction

Fueled by rapid advancements in MLLMs [3, 47, 49], mo-
bile agents have achieved substantial breakthroughs [14, 46]
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such as interface comprehension [12, 55], conversational in-
teraction [21, 36], and task planning [8, 38].

However, these agents share a fundamental constraint:
they are confined to a reactive paradigm, functioning as
passive executors of direct user commands [10, 34]. These
models place the entire cognitive burden on the user, from
need identification to goal articulation [30], thereby relegat-
ing the agent to the role of a high-level tool and fundamen-
tally limiting its potential for seamless integration into daily
life [24].

The limitations of the reactive paradigm are becoming a
critical bottleneck, propelling a fundamental shift towards
proactive intelligence—the undisputed next frontier for
mobile agents. This vision represents not merely an in-
cremental improvement, but a complete re-imagining of the
agent’s role: rather than being a passive tool, it evolves into
a genuinely helpful assistant by autonomously anticipating
user needs and initiating actions [26, 43, 44]. The profound
implication is a future of human-agent collaboration where
cognitive burden is minimized, and interaction feels seam-
lessly intuitive [4, 30, 43]. Recognizing this transformative
potential, pioneering studies have indeed validated the core
premise of proactivity [9, 26, 43, 44].

Despite these promising initial steps, the current re-
search landscape for proactive agents remains fragmented
and lacks a unified foundation. A core deficiency is that ex-
isting benchmarks [26, 44] oversimplify the task: they rely
on abstracted contexts and crucially assume a single “cor-
rect” action per scenario. This ignores the inherent subjec-
tivity and diversity of user preferences, forcing the com-
plex one-to-many mapping of proactive suggestions into
an unrealistic one-to-one paradigm. This flawed premise
is exacerbated by the metrics used for evaluation. For in-
stance, ProactiveAgent’s [26] binary reward model is too
coarse to differentiate partial from complete failures, while
FingerTip-20K [44] relies on cosine similarity, which cap-
tures semantic relevance but ignores functional correctness
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The proactive agent automatically collects the following four types of information from the mobile device.

User Profile: The user tends to turn on the air conditioner in high-temperature environments, typically setting

it to 23 ‘C with the fan speed at level 2.

Device Status: The navigation system shows that the user is approaching home. L \\\
World Information: The local temperature that day exceeds 35 ‘C, indicating hot weather. \\}
Behavioral Trajectories: The user complained about the hot weather on a social platform. Trigger y \
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Figure 1. A comparison of proactive and reactive paradigms in mobile agents.

and executability. Beyond definition and evaluation, a third
major shortcoming lies in the output format. Both bench-
marks rely on generating natural language recommenda-
tions, a format that is inherently ambiguous and lacks a
direct path to on-device execution, creating a critical gap
between suggesting a task and actually performing it. This
confluence of issues (an ill-defined task rooted in oversim-
plification, superficial evaluation, and a non-executable out-
put format) critically bottlenecks the systematic advance-
ment of the field.

To address these critical gaps, we introduce Proactive-
Mobile, a comprehensive benchmark designed to system-
atically advance research on proactive mobile agents. To
mitigate oversimplification, ProactiveMobile formalizes the
proactive task by requiring agents to predict actions based
on four dimensions of on-device contextual signals: user
profile, device status, world information, and behavioral tra-
jectories. Figure 1 clearly illustrates this process and con-
trasts it with the reactive agent paradigm. To tackle the
ignorance of user preferences, ProactiveMobile embraces
the one-to-many nature of proactivity: each instance is an-
notated and manually verified with one to three target ac-
tions. The resulting benchmark is substantial, comprising
3,660 instances of 14 scenarios spanning a diverse range
of real-world scenarios. Furthermore, to overcome the in-
herent ambiguity and subjectivity of evaluating natural lan-
guage suggestions, we introduce a crucial constraint: mod-
els must translate their intents into executable actions. We
achieve this by constructing a comprehensive function pool
of 63 APIs, requiring models to output specific function se-
quences. This approach transforms the evaluation from a
subjective text-matching problem into an objective, struc-
tured task.

To establish baselines on our benchmark, we fine-tuned
Qwen2.5-VL-7B-Instruct [3] and MiMo-VL-7B-SFT-2508
[35] on the training set. We then evaluated their per-

formance on ProactiveMobile alongside a suite of lead-
ing closed-source models, including ol [17], GPT-5 [29],
and Gemini-2.5-Pro [7]. Our fine-tuned Qwen2.5-VL-
7B-Instruct achieves a success rate of 20.82% on the ex-
act function sequence matching, significantly outperform-
ing closed-source models, including ol (17.02%), GPT-5
(11.37%), and Gemini-2.5-Pro (9.62%).

These results offer two critical insights. First, this su-
perior performance supports our hypothesis: proactivity
is a specialized capability that requires targeted, domain-
specific training, as provided by ProactiveMobile. Even the
most powerful general-purpose models fail to master it out-
of-the-box. Second, although proactivity is learnable, the
performance of trained models still fails to meet the require-
ments for on-device deployment. This indicates that proac-
tive intelligence is a highly challenging research problem,
which in turn underscores the significance of our work and
the necessity of the proposed benchmark. Our contributions
are as follows:

1. We propose a novel and comprehensive task formaliza-
tion for proactive mobile agents, grounding the problem
in rich, multi-dimensional real-world context.

2. We construct and open-source ProactiveMobile, com-
prising 3,660 multi-intent instances across 14 scenarios.
To facilitate deployment and fine-grained evaluation, all
intents are mapped to corresponding function sequences
via a predefined function pool of 63 APIs.

3. We provide an in-depth empirical analysis, establish-
ing strong baselines and revealing that proactivity is a
specialized capability lacking in current general mod-
els, thereby highlighting critical challenges and future
research directions. Notably, we will release our model
weights to foster progress within the research commu-
nity.



2. Related Work
2.1. LLM-Based Mobile Interaction

The advent of MLLMs has ushered in a new era of mo-
bile agents capable of understanding natural language in-
structions and visual UI elements to perform actions au-
tonomously. These LLM-based mobile agents represent
a paradigm shift, enabling users to accomplish intricate,
multi-step tasks on web, mobile, or desktop applications
through simple conversational commands [34, 48].

A core capability of these agents is GUI understanding,
or GUI grounding, where MLLMs interpret screen layouts
by combining visual perception with textual information.
To enhance this, specialized models [37, 41, 45] and meth-
ods [6, 12, 33, 55] have been developed to better process
GUI-specific modalities. The rapid progress in this area is
also fueled by the development of specialized datasets, in-
cluding large-scale annotated datasets [15, 19, 20, 23, 41]
and data pipelines [19, 23, 45].

Another critical area is task planning and execution.
LLMs excel at decomposing high-level natural language
commands into a series of executable actions. However,
methods based on static prompting often struggle with long-
horizon tasks and dynamic environments [34, 40, 42, 51].
Some research explores fine-tuning or reinforcement learn-
ing to enhance the reasoning and prediction capabilities of
MLLMs in related tasks [13, 27, 28, 39, 53]. The maturation
of the field is also marked by comprehensive benchmarks
[25, 50, 53, 54], which provide standardized environments
for evaluating agent performance on realistic tasks.

2.2. Proactive Agents

The paradigm of intelligent agents is undergoing a signif-
icant shift, moving from reactive systems that await ex-
plicit user commands to proactive agents that anticipate user
needs [9]. By inferring likely intentions and preemptively
offering or executing useful actions, these agents can en-
hance user engagement and task efficiency [32]. Research
in proactivity has evolved through several distinct stages.

Initial explorations in this domain have largely focused
on proactive conversational agents. Instead of passively re-
sponding, these systems actively guide the dialogue by ask-
ing clarifying questions, suggesting relevant topics, or steer-
ing the conversation towards a productive goal [9, 10, 22].
While foundational, their proactivity is primarily confined
to the conversational level.

Building on this, subsequent research has delved deeper
into proactive intent inference, where the agent’s goal is to
predict a user’s next action or ultimate goal from their be-
havior. These approaches can be broadly categorized into
two types: those that explicitly prompt the user for clari-
fication to confirm intent [31, 52], and those that implic-
itly infer intent from contextual cues and behavioral history

[18, 44]. This line of work is crucial for understanding user
needs before they are articulated.

The most advanced form of proactivity involves agents
that not only anticipate needs but also autonomously exe-
cute or propose complete tasks. This represents the ulti-
mate goal of delivering value to the user with minimal fric-
tion. However, existing work in this advanced stage often
faces significant limitations. Some studies are confined to
narrow, specific domains like smart home control, limiting
their generalizability [5]. Others predict overly simplistic,
single-step tasks, often within simulated or artificial scenar-
ios that do not capture the nuances of genuine user inter-
actions [26, 44]. Our work addresses these gaps by intro-
ducing a benchmark where the data is deeply grounded in
diverse, realistic scenarios, designed to evaluate an agent’s
ability to recommend complex, multi-step tasks.

3. Benchmark

In this section, we define the task and detail the benchmark
construction process. Due to space limitations, we provide
comprehensive implementation details in the Appendix, in-
cluding the prompt templates used for data generation, the
design of the annotation platform, annotator training mate-
rials, annotation guidelines, quality control procedures, and
other technical specifications.

3.1. Task Definition

We define proactive intelligence as the task of predicting

users’ latent intents based on their user profile, device sta-

tus, world information, and behavioral trajectories. The de-
tails of these four categories are as follows:

* User Profile. The user’s static attributes and dynamic
behavioral characteristics encompass basic information,
long-term behavioral habits, and personal preferences.

* Device Status. Real-time device and immediate environ-
mental states include hardware, battery level, network sta-
tus, location, and notifications.

* World Information. External circumstances, including
weather, time of day, and public holidays.

* Behavioral Trajectories. A temporal sequence of user-
device interactions that reveals evolving intent.

In terms of representation, user profile, device status, and
world information are expressed in natural language, while
behavioral trajectories are represented either as textual de-
scriptions or sequences of GUI screenshots. To facilitate
command execution, all intents are mapped into a unified
sequence of executable functions. Consequently, the com-
plete proactive intelligence task can be formalized as:

T ={Iy, Fr)}i_, = Predict(U,D,W,B). (1)

Here, U, D, W, and B represent the user profile, device
status, world information, and behavioral trajectories at the
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Figure 2. The overview of data generation.

decision moment. For each decision point, there may exist
multiple valid intent—function pairs, denoted as the ground-
truth set 7. The model generates a single predicted pair:

(I,F) = My(U,D,W,B),

j;\_ (fh--wfn)a j#@/\j:}ﬁ"
o, I=ovI-F,

2)

where F is non-empty only if I is actionable and can be
mapped to at least one function from the predefined function
pool F, i.e., F' C IF; otherwise, F' = @.

The prediction is considered correct if the model output
matches any ground-truth pair:

(I,F)eT. 3)
3.2. Dataset Construction
This section is organized into three main parts. First, we

elaborate on the acquisition methods for behavioral trajec-
tories. Second, we outline the end-to-end data generation
process. Finally, we provide a detailed account of the data
auditing mechanism.

3.2.1. Acquisition of Behavioral Trajectories

User behavioral trajectories serve as the foundation for in-

tent prediction. In cases where direct access to user actions

is unavailable, screenshots are used as substitutes. We de-
fine these two modalities as:

* Multimodal trajectories: Sequences of mobile screen-
shots captured during user interactions, combined with
corresponding text commands from both public and self-
built datasets, summarized in Table 1.

» Text trajectories: Textual logs of user actions are de-
rived from GUI traces. We first categorize and dedu-
plicate text commands, then employ Claude-Sonnet-4 to
generate text-based action trajectories via prompt-based
expansion.

Dataset Description Usage
GUI-Odyssey [25] A dataset for cross-app mobile GUI navigation 21,669
AITZ [50] Largest dataset in the Android GUI navigation field 9,413
CAGUI [53] A real-world Chinese Android GUI benchmark 3,196
MobileAgentBench Self-collected GUI data from mobile devices 12,481

Table 1. Summary of GUI datasets.

3.2.2. Generation Pipeline

The data generation process involves five key steps, as illus-
trated in Figure 2.

1. Generate contextual information. Based on user be-
havioral trajectories and relevant commands, we ran-
domly employ Claude-Sonnet-4[2], Gemini-2.5-Pro [7],
and GPT-5 [29] to generate three complementary in-
formation components—user profile, device status, and
world information—thereby constructing a comprehen-
sive contextual information stream. The generated infor-
mation then undergoes a plausibility check using the ol
[17]. If the content is deemed implausible, it is discarded
and subsequently regenerated.

. Generate potential intentions. Leveraging the con-
textual information, multiple MLLM models simulate
users’ potential next-step intentions. These intentions
represent tasks that agents can recommend proactively,
triggered by specific conditions and personalized ac-
cording to the user profile. To ensure both diversity
and quality of generated intentions, we select six state-
of-the-art closed-source MLLMs (Claude-Sonnet-4 [2],
Claude-Sonnet-3.7 [1], Gemini-2.5-Pro [7], Gemini-2.0-
Flash [11], ol [17], and GPT-40 [16]) with strong mul-
timodal understanding and reasoning capabilities. To
unify their outputs, Gemini-2.5-Flash [7] is prompted
to semantically cluster the 30 generated candidates and
extract the top-3 representative intentions (cluster cen-
troids) ranked by overall support across models.

Add interfering information. To enhance model ro-

bustness, we intentionally inject irrelevant textual noise

into the user profile, device states, and environmental in-
formation. The injected noise consists of task-irrelevant



yet semantically coherent text generated by Gemini-2.5-
Pro [7] through carefully designed prompts. This pro-
cess preserves overall logical consistency while training
the model to focus on salient and task-relevant signals.
On average, the amount of injected noise is approxi-
mately 5-20 times the volume of task-relevant informa-
tion.

4. Map to function. Convert intentions into function
calls. We uniformly convert textual instructions gener-
ated by multiple MLLMs into executable function-call
sequences. This conversion is performed by Claude-
Sonnet-4 [2], which is prompted to select appropriate
functions from a predefined function pool to fulfill each
recommended task. The resulting sequence may include
one or more functions, while a zero-function sequence
indicates that no action is required and triggers the no-
recommendation logic.

5. Three-stage review. A three-stage review mecha-
nism—comprising rule-based checks, agent evaluations,
and expert reviews—is adopted to filter and validate gen-
erated data, ensuring reliability and accuracy.

3.2.3. Three-Stage Review

To ensure data quality, we implement a comprehensive
quality control process spanning three stages: rule-based
filtering, agent evaluation, and expert review.

1. Rule-based filtering. Automatically removes entries
that fail to meet format and consistency requirements.

2. Agent evaluation. We employ Gemini-2.5-Pro [7] to as-
sess the internal consistency among textual information,
action trajectories, and recommended actions. Using a
prompt-based evaluation framework, the model exam-
ines textual information for authenticity and naturalness,
trajectories for realism and temporal coherence, and rec-
ommendations for contextual appropriateness and exe-
cutability.

3. Expert review. Experts verify the remaining entries
for factual accuracy, internal logic feasibility, and ac-
tion feasibility. A team of 30 trained annotators, each
with prior experience in human—computer interaction
and data annotation, conducts the verification process.
All annotators undergo standardized training and trial la-
beling sessions to align annotation criteria and resolve
ambiguities. To ensure data quality, each data point is
independently annotated by three annotators. An item
is considered valid and accepted for the final dataset
only if at least two annotators are in agreement on its
label. This extensive cleaning and correction process
represents a four-month effort with a total investment
of $210,000. Throughout this period, experts collabo-
ratively refine and validate the dataset to ensure its relia-
bility and consistency.

3.3. Function Pool Construction

To facilitate on-device execution and standardized evalu-
ation, we transformed textual instructions into a unified
function call format by creating a predefined function pool.
Our construction process involved a multi-stage pipeline.
First, we manually categorized instructions into 14 scenar-
ios. Then, we employed LLMs to initially generate func-
tion sequences and subsequently refine them by merging
similar functions and parameters while pruning infrequent
ones. Following this automated phase, we defined a formal
schema for each function, annotating parameter data types
and specifying required arguments. Finally, the entire func-
tion pool underwent a rigorous manual verification by five
experienced doctoral researchers specializing in Al agents
and system design, who cross-checked all definitions to en-
sure semantic consistency, correctness, and overall coher-
ence.

3.4. Difficulty Definition

To systematically evaluate model performance across dif-
ferent levels of challenge, we establish a three-tier difficulty
system. We classify each data item based on the number of
correct predictions from a panel of five powerful models:
Claude-Sonnet-4 [2], Claude-Sonnet-3.7 [1], GPT-40 [16],
Gemini-2.5-Pro [7], and Gemini-2.5-Flash [7]. The diffi-
culty level is defined as follows:
* Level 1 (Easy): Correctly solved by 4-5 out of 5 refer-
ence models.
* Level 2 (Medium): Correctly solved by 2-3 out of 5 ref-
erence models.
* Level 3 (Hard): Correctly solved by 0-1 out of 5 refer-
ence models.
To validate this automatic classification, a group of five ex-
perienced doctoral researchers independently assessed a
stratified sample of data items. The resulting difficulty an-
notations showed an inter-rater agreement of over 95% with
our model-based difficulty levels, confirming the reliability
and consistency of the proposed three-tier system.
Finally, in Figure 3 and Table 2, we illustrate the dataset
information for our benchmark.

4. Experiments

This section evaluates our approach by benchmarking
against state-of-the-art closed-source MLLMs.

4.1. Setting

Fine-tuned Model. To create a specialized proactive agent,
we perform full-parameter supervised fine-tuning (SFT) on
Qwen2.5-VL-7B-Instruct [3] and MiMo-VL-7B-SFT-2508
[35]. A core aspect of our methodology is the defined out-
put format: the model is trained to co-generate both a nat-
ural language recommendation instruction and the corre-



Split Data Type  Scenarios Items Intents Images Ave. Image Functions Ave. Functions L1 L2 L3
Train Multimodal 12 4438 8977 32418 7.30 9,964 1.11 308 1,376 2,754
Text 12 4,438 4,438 - - 8,259 1.86 372 1,208 2,858
Test Multimodal 14 1,832 3,711 14,341 7.83 4,173 1.24 118 613 1,101
e Text 14 1,828 2,676 - - 2,266 0.85 259 711 858

Table 2. Statistics of the ProactiveMobile dataset, broken down by Train and Test splits and data modality. The table details the composition
of our benchmark, including the number of scenarios, items, intents, functions, and distribution of different difficulties. Notably, the test
set includes two additional scenarios (14 vs. 12) not present in the training set, forming our dedicated out-of-distribution evaluation split.

L1 L2
Model Multimodal Text All Multimodal Text All

SRT  FTR* | SR' FTRY | SR FIRY | SR" FTR' | SR FIR' | SR' FIRY
GPT-5 1271  75.00 | 2432 2557 | 20.69 3045 | 7.50 69.44 | 1742 3024 | 12.81 37.79
GPT-40 11.86 100.00 | 13.13 47.06 | 12.73 51.79 | 571 95.60 | 10.58 5629 | 832  62.87
ol 22.03 6429 | 30.50 273 | 27.85 9.68 | 1191 37.76 | 2490 623 | 18.88 13.09
Gemini-2.5-Pro 16.10  69.57 | 13.51 59.09 | 1432 60.18 | 12.07 70.53 | 6.61 8474 | 9.14 81.90
Qwen2.5-VL-7B-Instruct 0.00 66.67 | 270 60.00 | 1.86 60.71 | 049 6842 | 253 7120 | 1.59  70.55
MiMo-VL-7B-SFT-2508 254 7692 | 193 8226 | 212 8133 | 163 6829 | 1.27 8539 | 1.44 81.29
Qwen2.5-VL-7B+Proactive 10.17 4231 | 37.07 6.82 | 28.65 10.57 | 17.62 23.78 | 3249 9.07 | 25.60 12.61
MiMo-VL-7B-SFT+Proactive | 11.86 44.44 | 18.53 47.85 | 1645 47.42 | 1240 40.16 | 1632 49.34 | 14.50 47.09

L3 Avg

Model Multimodal Text All Multimodal Text All

SR"  FTRY | SR FTR' | SR" FTR' | SR" FTR' | SR" FIRY | SRT FTRY
GPT-5 790 5156 | 950 3826 | 8.60 4481 | 8.08 57.99 | 1469 3141 | 11.37 39.20
GPT-40 3.09 9456 | 577 5408 | 425 7458 | 453 9514 | 869 53.60 | 6.60 65.32
ol 11.81 2330 | 16.08 9.61 | 13.68 16.64 | 12.50 2945 | 21.55 6.56 | 17.02 14.09
Gemini-2.5-Pro 945 6652 | 851 8571 | 9.04 7494 | 1075 67.81 | 848 7829 | 9.62 74.98
Qwen2.5-VL-7B-Instruct 1.09 7629 | 221 5429 | 158 67.07 | 082 7376 | 241 6408 | 161 67.62
MiMo-VL-7B-SFT-2508 1.09 8044 | 1.05 7349 | 1.07 7714 | 136 7671 | 126 81.09 | 131 79.57
Qwen2.5-VL-7B+Proactive 15.08 22.63 | 17.37 875 | 16.08 16.08 | 15.61 23.91 | 26.04 8.51 | 20.82 13.76
MiMo-VL-7B-SFT+Proactive | 13.62  43.16 | 10.37 51.26 | 1220 46.49 | 13.10 4240 | 13.84 4948 | 1347 4691

Table 3. Overall performance comparison of our fine-tuned model (+Proactive) against baselines on the ProactiveMobile test set. We
report two key metrics: SRT, where higher is better, and FTRY, where lower is better. The comparison is broken down by task difficulty
(L1-L3) and data modality. For each metric, the best result is in bold and the second-best is underlined. All scores are in percentage (%).
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Figure 3. Distribution of the 14 primary user intent categories,
demonstrating the benchmark’s broad scenario coverage (e.g., Per-
sonal Management, Office Work, Food & Dining).

sponding executable function sequence. We utilize 8,876
instances from the training split of ProactiveMobile. Fur-
ther details regarding data pre-processing, specific hyper-
parameters, and the hardware environment are provided in
Appendix.

Baseline Models. To benchmark against the current state-
of-the-art, we evaluate several leading proprietary MLLMs,
including GPT-5 [29], GPT-40 [16], Gemini-2.5-Pro [7],
ol [17], unfinetuned Qwen2.5-VL-7B-Instruct [3], and un-
finetuned MiMo-VL-7B-SFT-2508 [35]. All baseline mod-
els are evaluated in a zero-shot setting. To ensure a fair
comparison, the standardized prompt instructs these mod-
els to adopt the same output format. We design a standard-
ized prompt that provides each model with the same multi-
dimensional context (user profile, device status, etc.) and
the list of available functions from our API pool, instruct-
ing them to output the appropriate function call sequence.

4.2. Metrics

Evaluating proactive intelligence presents unique chal-
lenges, especially given the one-to-many nature of valid ac-



tions in ProactiveMobile, where a single context can map to
multiple ground-truth sequences. A naive evaluation metric
would either be too brittle (penalizing functionally correct
but formally different predictions) or too lenient. To ad-
dress this, we define two core metrics, Success Rate and
False Trigger Rate, whose final values are determined by a
dedicated evaluation protocol designed specifically for this
one-to-many context, as detailed below.

Model SRT  FTRY
GPT-5 1455 36.84
GPT-40 5.26 47.37
ol 15.63 13.33
Gemini-2.5-Pro 9.38 45.46
Qwen2.5-VL-7B-Instruct 4.69 42.86
MiMo-VL-7B-SFT-2508 0.00  100.00
Qwen2.5-VL-7B-Instruct+Proactive | 20.31  16.67
MiMo-VL-7B-SFT-2508+Proactive 9.38 57.90

Table 4. Performance on the OOD test set. This set comprises
64 instances from two scenarios (Logistics Delivery and Smart
Home) that are entirely absent from the training data.

Training Strategy Multimodal Text All

SR"  FTR* | SRT FTR* | SRT FTRY
Func. 1287 9507 | 569 8519 | 9.18 93.16
Rec.+Func.(ours) | 15.61 2391 | 26.04 851 | 20.82 13.76
Think+Func. 881 9507 | 404 8504 | 636 93.06
Think+Rec.+Func. | 5.53 2.87 | 10.50 1.53 8.02 2.06

Table 5. Ablation study on the impact of different output for-
mats. We compare our primary Text Recommendation + Func-
tion strategy against variants that only output the Function, or
include an additional reasoning (Think) step.

4.2.1. Core Metrics

1. Success Rate (SR). This is our primary, binary success
metric, designed to measure perfect functional equivalence.
A prediction is considered accurate not based on simple
string comparison, but on whether it is semantically and
functionally identical to a valid ground truth. To make this
judgment, we employ a powerful LLM judge (Gemini-2.5-
Pro [7]) '. An instance receives a final SR score of 1 only
if the model’s prediction is deemed functionally equivalent
to one of the valid ground-truth answers; otherwise, it is
0. Given ProactiveMobile’s one-to-many nature, the precise
procedure for selecting the “best” ground truth to compare
against is critical, and is elaborated in our Best-Match Se-
lection Protocol (Section 4.2.2).

2. False Trigger Rate (FTR). This metric measures the
model’s reliability in non-trigger scenarios. It quantifies
the rate at which the model incorrectly generates an ac-
tion when the ground truth specifies that no action should
be taken. Let IV,,o—qction D€ the total number of instances
where the ground-truth set is empty (G = 0)), and Ny,

ITo ensure the validity of judgment, we verified the consistency be-
tween the model and human experts, and achieved a consistency of 98%.

be the number of those instances where the model falsely
triggers a non-empty Spr.q. The FTR is calculated as:

FTR = Vit

no—action

4.2.2. Best-Match Selection Protocol

The aforementioned protocol dictates how a model’s predic-
tion (Spreq) is scored against the set of ground-truth candi-
dates (G = Sjgpel 1, --.) to yield the final SR score. It is a
two-stage process designed to be both rigorous and fair:
Stage 1: Prioritize Perfect Functional Equivalence. We
first check if the model’s prediction is functionally equiva-
lent (as judged by our LLM referee) to any of the ground-
truth sequences. If one or more such ”perfect matches” are
found, the SR for this instance is immediately set to 1, and
the protocol terminates for this instance. One of these per-
fect matches is randomly selected as the best match (S};.;)
for any further analysis.

Stage 2: F1-Score Fallback for Imperfect Predictions. If
no perfect match is found in Stage 1, the SR for this in-
stance is definitively 0. However, for consistent and fair
analysis, we still need to select a single “closest” ground
truth. In this scenario, we identify the ground-truth can-
didate that maximizes the F1-score (calculated on the sets
of function names) when compared with Spcq. To com-
pute this score, we treat both the prediction and the ground
truth as unordered sets of function names, thus ignoring pa-
rameters and sequence order. This allows us to calculate
the harmonic mean of precision (the fraction of predicted
functions that are correct) and recall (the fraction of correct
functions that are predicted). This F1-maximizing sequence
is then designated as the best match (S},;.,)

Why this protocol? This two-stage design serves a crucial
purpose. It establishes perfect functional correctness as the
unambiguous gold standard for success, which is directly
reflected in our primary SR metric. The F1-fallback mech-
anism, meanwhile, ensures a robust and consistent process
for handling failures, providing a fair basis for comparison
and deeper analysis even when the primary success condi-
tion is not met.

4.3. Overall Performance

Table 3 presents a comprehensive performance analysis, re-
vealing several critical insights into the current landscape of
proactive intelligence.

Fine-tuning on ProactiveMobile consistently unlocks
SOTA capabilities. The most striking result is the signifi-
cant impact of fine-tuning on our benchmark. This effect is
consistent across different base models: fine-tuning boosts
the Qwen2.5-VL-7B-Instruct from 1.61% to a state-of-the-
art 20.82% Success Rate, and similarly elevates the MiMo-
VL-7B-SFT-2508 from 1.31% to 13.47%. Our fine-tuned
Qwen model establishes a new benchmark, significantly
outperforming the top-performing proprietary model, ol



(17.02%). This gap unequivocally demonstrates that proac-
tivity is a specialized, learnable skill requiring domain-
specific adaptation, validating ProactiveMobile as an essen-
tial training resource.

Multimodal reasoning remains a key bottleneck. The
performance disparity across data types reveals a core chal-
lenge. For our top-performing model (Qwen2.5-VL-7B +
Proactive), the SR on Text tasks (26.04%) is substantially
higher than on Multimodal tasks (15.61%). Additionally,
we find that for some multimodal tasks, certain scenarios
exhibit better performance when visual information is miss-
ing, as detailed in the Appendix. This performance delta
suggests that grounding abstract intents within noisy, real-
world GUI screenshots introduces significant complexity,
highlighting robust visual comprehension as a critical area
for future advancement in on-device proactive intelligence.
The low absolute scores validate the task’s inherent dif-
ficulty. Despite the strong relative performance of our fine-
tuned model, the absolute SR scores remain modest across
the board. The fact that the state-of-the-art sits just around
21% confirms that reliable, functionally correct proactive
intelligence is a highly challenging and largely unsolved
problem. This finding validates ProactiveMobile not as a
benchmark for a saturated task, but as a challenging and
indispensable testbed designed to catalyze genuine break-
throughs in the field.

4.4. Generalization to Out-of-Distribution Scenar-
ios

To assess generalization, we evaluate all models on an out-
of-distribution (OOD) test set comprising 64 instances from
two scenarios—Logistics Delivery and Smart Home—that
are entirely absent from the training data. The results in
Table 4 reveal a clear performance gap. Our fine-tuned
Qwen2.5-VL-7B-Instruct + Proactive model achieves the
best performance with 20.31% SR, significantly outper-
forming other powerful generalists like ol (15.63%), GPT-
5 (14.55%), Gemini-2.5-Pro (9.38%), and GPT-40 (5.26%).
This demonstrates that while immense scale offers one path
to generalization, our fine-tuning approach effectively im-
parts a more robust and transferable understanding of proac-
tive logic. It validates that the skills learned on Proac-
tiveMobile are not mere pattern matching, but represent a
promising step toward truly generalizable proactive intelli-
gence.

4.5. Ablation Study

To validate our training and output format (Recommenda-
tion + Function), we conduct an ablation study comparing
it with variants that either omit the recommendation or add
an explicit Think step. The results in Table 5 are decisive.
Our chosen strategy achieves the highest SR (20.82%), indi-
cating that compelling the model to articulate a user-facing

intent acts as an effective reasoning scaffold. Critically, for-
mats trained without this textual recommendation (Function
only and Think + Function) exhibit extremely poor safety
behavior, with False Trigger Rate (FTR) rates near 100%.
This demonstrates that generating the intent is indispens-
able for teaching the model the crucial skill of when not to
act.

The study also reveals a crucial trade-off between SR and
safety. While adding a Think step (Think + Recommenda-
tion + Function) significantly lowers SR, it drastically en-
hances safety, slashing the FTR rate to a 2.06%. This high-
lights the Think step as a promising direction for building
maximally safe agents. Nevertheless, our primary Recom-
mendation + Function approach offers the best-performing
balance between SR and reliability, thus validating our core
design choice. Further ablation studies, including an anal-
ysis of the impact of different contextual dimensions, are
detailed in the Appendix.

5. Conclusion

In this work, we address the critical bottleneck hinder-
ing the transition of mobile agents from a reactive to a
proactive paradigm: the lack of an executable, objective,
and realistic benchmark. We introduce ProactiveMobile,
a comprehensive benchmark that formalizes the proactive
task around a four-dimensional context model, incorporates
multi-answer annotations, and uniquely mandates an exe-
cutable function-call sequence output. Our extensive exper-
iments validate that proactivity is a specialized, learnable
capability. This is consistently demonstrated as fine-tuning
on our benchmark boosts the performance of different mod-
els, with our top-performing model achieving a 20.82% suc-
cess rate—establishing a new state-of-the-art that surpasses
even leading proprietary models like ol (17.02%). This
demonstrates the efficacy of ProactiveMobile as an essen-
tial tool for targeted training and highlights the significant
gap in current models’ out-of-the-box abilities.

While our work establishes a new SOTA, the modest
absolute success rates underscore that proactive intelligence
is a profoundly challenging research problem, opening up
several promising future directions. Key priorities include
enhancing models’ multimodal reasoning to close the
significant performance gap between text and multimodal
tasks, and exploring advanced training methodologies like
reinforcement learning for more robust decision-making.
Furthermore, our ablation study on output formats reveals
a rich trade-off between success rate and safety, warranting
deeper investigation into creating agents that are not only
effective but also trustworthy. By providing a foundational
and challenging testbed, ProactiveMobile aims to catalyze
these future innovations, steering the community toward
the development of truly intelligent, anticipatory agents.
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A. Implementation Details

A.1. Training Parameter Configuration

This section describes the detailed settings for reproducing

the fine-tuning experiments.

Data Pre-processing. To mitigate potential noise in the

training data, we applied the following two filtering crite-

ria:

» Samples with function call sequences longer than 3 are
excluded.

» The visual trajectory for each instance is truncated to a
maximum of 10 frames.

Training Hyperparameters. Full-parameter supervised

fine-tuning is configured with the following settings:

e Optimizer: AdamW

¢ Initial Learning Rate: le-5

LR Schedule: Cosine Annealing

* Warmup Ratio: 0.1

* Batch Size: 64

* Epochs: 4

Inference Hyperparameters. To ensure a fair compari-

son, all hyperparameters are held constant during inference

across all models.

¢ Temperature: 1

e Top P: 0.7

A.2. Training Format

Hardware and Training Time. The training is conducted
on a 4-node cluster, utilizing a total of 32 NVIDIA H20
GPUs. The entire training process for 4 epochs took ap-
proximately 8 hours to complete.

B. Data
B.1. Data statistics

We present a more intuitive visualization of the data distri-
bution of the proposed benchmark in Figure 4.

B.2. Function

We have constructed a comprehensive function pool com-
prising 63 APIs, which will be fully open-sourced. To bet-
ter illustrate its structure, Figure 5 provides an example of a
commonly used function.

B.3. Data Annotation Platform

All data annotations are performed by domain experts on
the Argilla platform. A screenshot of the Argilla platform
is presented in Figure 6.

C. Expanded Results with Granular Metrics

This section provides a more granular analysis of model
performance, moving beyond the primary, all-or-nothing
ACC metric discussed in the main paper. Here, we report
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on set-based metrics that capture partial correctness and of-
fer deeper insights into model behaviors. The results are
presented in Table 6.

C.1. Granular Metric Definitions

The following metrics are used to generate the results in Ta-
ble 6. Let Spcq be the predicted function call sequence and
Siaber be the best-match ground-truth sequence determined
by our protocol.

Type-Acc (Function Name Sequence Accuracy). This
metric focuses solely on the perfect match of the function
name sequence.

Type-Acc(Spred; Stavet) = I ({Cpred,i-Name) = (Ciqber,;-Name))

“

F1-Score, Precision (P) & Recall (R). To provide a more

forgiving, set-based evaluation, we treat the prediction and

ground truth as unordered sets of function names. Let
Pyep = set(Spreq) and Lge, = set(Sigper)-

Precision (P) measures the proportion of predicted func-

tions that are relevant (i.e., how many of the model’s sug-

. PyeeNL
gestions are correct). P = %

Recall (R) measures the proportion of ground-truth

functions that were successfully predicted (i.e., how many

of the required actions the model found). R = %
F1-Score (F1) is the harmonic mean of Precision and

Recall, providing a single balanced score for partial correct-

ness. F1 = 2 x ExR

PFR
C.2. Analysis of Detailed Results

The detailed results in Table 6 reinforce the primary con-
clusions from the main paper while offering additional, nu-
anced insights:

1. Fine-tuning Consistently Unlocks Proactive Skills.
The most prominent trend is the dramatic performance up-
lift from fine-tuning on ProactiveMobile. This holds true
for both model families. The Qwen2.5-VL-7B-Instruct
model’s average F1 score catapults from 4.50% to 50.88%
after being trained, becoming Qwen2.5-VL-7B-Instruct +
Proactive. Similarly, the MiMo-VL-7B-SFT-2508 + Proac-
tive model significantly outperforms its base version. This
strongly corroborates our main finding that proactivity is a
learnable skill, and our benchmark is an effective resource
for teaching it.

2. A Clear Hierarchy Among Models Emerges. The
granular metrics reveal a clear performance hierarchy.
The ol model consistently establishes itself as the top-
performing baseline across nearly all metrics and set-
tings, demonstrating its powerful general-purpose reason-
ing. Our fine-tuned Qwen2.5-VL-7B-Instruct + Proactive
model emerges as a highly competitive contender, often se-
curing the second-best performance, particularly in Text-
based scenarios where its F1 score (60.84%) approaches
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Figure 4. Detailed dataset statistics and distribution.

"book_transport”: {
"name": "book_transport",
"description": "A unified transportation reservation function that facilitates booking of multimodal transport services, including but not limited to aviation,
railway, taxi, and ride-hailing services. Users may specify origin, destination, travel temporal parameters, and passenger demographics, with optional
platform selection.”,
"similar": [
"search_transport",
"plan_route_and_navigate"
1,
"parameters": {
"transport_type": {
"description": "Mandatory parameter specifying the modality of transportation. Critical for distinguishing between long-haul aviation, intercity rail,
urban taxi services, and short-distance mobility options. Valid enumerations include: /flight’, ‘train’, ‘taxi’ .",
"string",
"must_fill": "required",
"value": [
"flight",
"train”,
"high_speed_rail",
"taxi",
"ride_sharing",
"bus",
"subway",
"bike",
"rental_car",
"ferry"
]

I
"start_location": {
"description": "Mandatory parameter defining the geographical origin of the itinerary. Accepts structured addresses, municipal designations, IATA airport
codes (e.g., 'PEK’), railway station nomenclature (e.g., ‘Beijing South Railway Station’), or prominent landmarks. For example: ’No. 1 Zhongguancun
Avenue, Haidian District, Beijing’ or ’Shanghai Honggiao International Airport’.",
"type": "string",
"must_fill": "required",
"value": "non-enumerable"

I
"end_location": {

"description": "Mandatory parameter indicating the geographical terminus of the journey. Format specifications mirror those of the origin parameter,
accommodating precise addresses, urban areas, transportation hubs, or notable landmarks. For example: ’Shenzhen Nanshan Science and Technology Park’
or ’Guangzhou Baiyun Airport’.",

"type": "string",

"must_fill": "required",

"value": "non-enumerable"

I
"departure_time": {
"description Optional temporal parameter for journey scheduling. Accepts standardized datetime formatting (’YYYY-MM-DD HH:MM:SS’) or relative temporal
expressions (e.g., /30 minutes hence’, '09:00 tomorrow morning’).",
"type": "string",
"must_fill": "optional",
"value": "non-enumerable"

b,
"passenger_nui {
"description": "Optional parameter quantifying traveler count. Defaults to unitary occupancy if unspecified.”,
"type": "int",
"must_fill": "optional",
"value": "non-enumerable"

I
"platform_inf
"description": "Optional parameter designating the reservation platform or application. When specified, directs the booking to the designated service;
otherwise, initiates cross-platform comparative analysis or employs default service providers. Supports mainstream mobility service platforms.For
example: 'DiDi’, ’Ctrip’, ’12306’.",
string",
": "optional",

"value": [
"Didi",
"Uber",
"Amap",
"CaoCao",
wran,
"Ctrip",
"Qunar",
"Fliggy",
"Tongcheng",
"12306",
"TravelSky"

Figure 5. Exemplary implementation of the book_transport API.
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that of ol (72.09%). Other models like GPT-5, GPT-4o,
and Gemini-2.5-Pro show varied performance, but gener-
ally trail behind the top two.

D. Ablation Study on Four-Dimension Infor-
mation

This section details an ablation study designed to quantify
the contribution of each of the four contextual dimensions
proposed in our benchmark: User Profile, Device Status,
World Information, and Behavioral Trajectories.

D.1. Experimental Setup

To isolate the impact of each dimension, we systematically
removed one dimension at a time from the input provided
to the models and re-ran the evaluation. The “All Info”
condition, where models have access to the complete four-
dimensional context, serves as the baseline for comparison.
The results of this study are presented in Table 7. It is worth
noting that in the w/o Trajectories condition, the distinction
between Multimodal and Text data disappears, as the visual
trajectory is the sole differentiating element.

D.2. Analysis of Results

The ProactiveMobile Benchmark demonstrates strong
robustness. Our experiments indicate that omitting any sin-
gle input dimension leads to only minor fluctuations in per-
formance. For instance, the SR of our fine-tuned Qwen?2.5-
VL-7B-Instruct + Proactive model varies by merely 1.4%,
while its FTR fluctuates by around 4%. For the ol model,
the corresponding variations are approximately 1.5% and
6.3%, respectively.

These findings are consistent with our design motivation.
In real-world environments, contextual signals often over-
lap or contain redundant information. Incorporating such
redundancy during training enables models to learn to ex-
tract the most relevant signals from complex inputs. As a
result, the absence of any single information source does
not substantially degrade performance and, in some cases,
can even lead to slight improvements.

E. Case Study

The complete task workflow is illustrated through a con-
crete case provided in Table 8. Additionally, we conducted
a comparative evaluation of our model against strong coun-
terparts, including GPT-5 and ol. Notably, for the purpose
of clear demonstration, both case studies present only a sin-
gle intent.

F. Prompts for the LLM agents

A suite of tailored prompts is utilized, encompassing the
following categories: Prompt for Generating Contextual
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Information, Prompt for Generating Potential Intentions,
Prompt for Adding Interfering Information, Prompt for
Mapping to Function, Prompt for Three-stage Review, and
Prompt for Training/Inference. The specific prompts are
compiled in the prompt box below.



Difficulty | Model Multimodal Text All
Type-Acc”  FI1T p' R" | Type-Acc"  FIT p' R" | Type-Acc" FIT p' R"
GPT-5 33.05 58.50 56.64 65.25 67.57 7091 71.04 7136 56.76 67.03 66.53 69.45
GPT-40 30.51 49.70 46.85 5791 45.17 48.82 4846 49.81 40.58 49.09 4795 52.34
ol 51.70 5848 59.75 58.05 91.12 9241 9247 9247 78.78 81.79 8223 81.70
L Gemini-2.5-Pro 55.08 6370 6525 63.14 4093 4350 44.02 4344 45.36 49.82  50.66 49.60
Qwen?2.5-VL-7B-Instruct 3.39 339 339 339 7.72 772 7192 172 6.37 637 637 637
MiMo-VL-7B-SFT-2508 5.93 845 833 932 4.63 489 483 502 5.04 6.00 592 637
Qwen2.5-VL-7B+Proactive 32.20 38.84 4025 38.56 82.24 83.45 83.46 83.59 66.58 69.49  69.94 69.50
MiMo-VL-7B-SFT+Proactive 30.51 41.02 4195 4181 42.47 4475 4472 4517 38.73 4358 4386 44.12
GPT-5 26.75 50.61 4829 58.05 54.67 63.50 63.74  64.95 41.70 5751 5656 61.74
GPT-4o 1533 38.78 3589 48.04 32.58 38.88 38.65 40.74 24.58 38.83  37.37 44.12
ol 42.58 5178 5296 51.99 76.93 80.96 82.49 80.24 61.03 6745 68.82 67.16
L2 Gemini-2.5-Pro 42.09 56.17 5775 57.04 24.61 31.59  33.68 3095 32.70 4297 4483 43.03
Qwen2.5-VL-7B-Instruct 3.43 404 405 413 5.20 527 525 534 438 470 470 478
MiMo-VL-7B-SFT-2508 5.55 8.16 810 897 3.80 398 397 410 4.61 592 588 636
Qwen2.5-VL-7B+Proactive 34.75 4339 4413 44.02 69.06 72.34 7260 72.68 53.17 58.93 5942 5941
MiMo-VL-7B-SFT+Proactive 30.02 4321 4456 44.32 34.32 4123 4140 42.35 32.33 42.15 4286 4326
GPT-5 23.98 44.66 4426  49.09 29.19 46.94 4842 4873 26.25 45.66 46.07 48.93
GPT-40 12.62 31.84 3055 37.56 22.59 37.06 3695 40.38 16.97 34.11 3334 3879
ol 40.51 49.53 5174 4899 50.35 58.61 6111 57.67 44.82 5350 5584 52.79
L3 Gemini-2.5-Pro 31.61 4448  47.02 44.19 27.16 4198 4538 41.38 29.66 4338 4630 42.96
Qwen2.5-VL-7B-Instruct 2.72 380 393  3.84 4.08 426 423 431 3.32 400 406 404
MiMo-VL-7B-SFT-2508 3.09 501 503 569 3.50 491 511 513 327 497 507 544
Qwen2.5-VL-7B+Proactive 33.24 39.79 4077 4021 39.04 4450 4528 44.85 35.78 41.85 4274 4224
MiMo-VL-7B-SFT+Proactive 28.70 39.42 4075 40.05 22.14 3355 34.65 34.66 25.83 36.85 38.08 37.69
GPT-5 25.49 4754 4640 5313 44.55 56.79 57.59 58.25 34.99 5215 51.98 55.68
GPT-4o 14.68 3531 3338 4238 29.70 39.44 3925 41.86 22.16 3737 3630 4212
ol 41.92 50.86 52.67 50.57 66.47 7209 7387 7138 54.18 6146 6326 60.97
Ave Gemini-2.5-Pro 36.63 49.63 5178 49.71 28.12 38.15 40.64 37.61 32.38 4390 4622 43.67
Qwen2.5-VL-7B-Instruct 3.00 385 394 3091 5.03 515 512 520 4.02 450 453 455
MiMo-VL-7B-SFT-2508 4.09 628 627  7.02 3.78 454 463 471 3.93 542 545 587
Qwen2.5-VL-7B+Proactive 33.68 4093 4186 41.38 56.84 60.84 61.32 61.16 45.25 50.88 51.58 51.26
MiMo-VL-7B-SFT+Proactive 29.26 4079 42.10  41.59 29.76 38.13 3870 39.14 29.51 39.46 4040 40.37

Table 6. Detailed performance comparison using granular, set-based metrics. We report on function name sequence accuracy (Type-
Acc™), F1-Score™, Precision (P1), and Recall (RT) across different difficulties and modalities. Best results are in bold, and second-best are
underlined. All scores are in percentage (%). Qwen2.5-VL-7B+Proactive represents Qwen2.5-VL-7B-Instruct + Proactive, and MiMo-
VL-7B-SFT+Proactive represents MiMo-VL-7B-SFT-2508 + Proactive.
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Input Model Multimodal Text

SR"  FTR* | SRT FTR* | SR" FTR'

GPT-5 841 4030 | 1400 27.76 | 11.20 31.87

GPT-40 5.19 8942 | 1143 4535 | 831 57.78

ol 12.12  17.28 | 20.02 5.18 | 16.07 943

wo Profile Gemini-2.5-Pro 10.70 60.10 | 8.59 7742 | 9.65 7155
Qwen2.5-VL-7B-Instruct 191 5586 | 252 60.16 | 221  58.60
MiMo-VL-7B-SFT-2508 1.53 80.80 | 1.86 7893 | 1.69  79.56
Qwen2.5-VL-7B+Proactive 1425 17.00 | 28.12 7.78 | 21.18 11.05
MiMo-VL-7B-SFT+Proactive | 13.76 38.68 | 14.83 4945 | 1429 45.53

GPT-5 8.19 5122 | 13.73 29.05 | 1096 35.70

GPT-40 338 9474 | 759 49.21 548  61.89

ol 12.66 24.02 | 1942 555 | 16.04 11.68

w/o Device Gemini-2.5-Pro 9.83 67.77 | 7.82 78.05 | 8.83 7481
Qwen2.5-VL-7B-Instruct 1.31 7482 | 186 66.06 | 1.59 69.38
MiMo-VL-7B-SFT-2508 1.09 8698 | 1.59 80.23 1.34  83.11
Qwen2.5-VL-7B+Proactive 15.61 20.98 | 26.37 10.18 | 2098 13.96
MiMo-VL-7B-SFT+Proactive | 12.83 4221 | 14.72 44.84 | 13.77 43.94

GPT-5 944 4266 | 1483 2723 | 12.13 32.08

GPT-40 399 91.04 | 1061 4249 | 730 55.56
ol 11.85 25.66 | 19.26 4.82 | 1555 11.72

Gemini-2.5-Pro 9.88 63.20 | 892 7535 | 940 7140

w/o World

Qwen2.5-VL-7B-Instruct 0.82  81.65 2.08  68.31 1.45  73.57
MiMo-VL-7B-SFT-2508 .15 7778 | 181 7729 | 148 7746
Qwen2.5-VL-7B+Proactive 1588 19.97 | 26.75 6.97 | 21.31 11.57
MiMo-VL-7B-SFT+Proactive | 13.65 36.50 | 13.73 49.40 | 13.69 44.72

GPT-5 830 3148 | 1570 15.85 | 12.00 20.98

GPT-40 584 50.00 | 11.00 27.66 | 842 3473

ol 1135 2035 | 19.86 1.58 | 15.60 7.83

wio Trajectories Gemini-2.5-Pro 8.68 7634 | 810 66.59 | 839 69.43
Qwen2.5-VL-7B-Instruct 1.80 63.76 | 3.83 51.85 | 2.81 55.83
MiMo-VL-7B-SFT-2508 1.31  79.63 .20 79.10 | 1.26  79.30
Qwen2.5-VL-7B+Proactive 15.07 2528 | 2932 274 | 2219 992
MiMo-VL-7B-SFT+Proactive | 13.97 30.78 | 18.38 32.02 | 16.18 36.29

GPT-5 8.08 5799 | 14.69 3141 | 11.37 39.20

GPT-40 453 9514 | 869 5360 | 6.60 6532
ol 12.50 2945 | 21.55 6.56 | 17.02 14.09

All Info Gemini-2.5-Pro 10.75 67.81 | 848 7829 | 9.62 7498
Qwen2.5-VL-7B-Instruct 0.82 7376 | 241 64.08 | 1.61 67.62
MiMo-VL-7B-SFT-2508 1.37  76.71 126  81.09 | 1.31 79.57
Qwen2.5-VL-7B+Proactive 15.61 2391 | 26.04 851 | 20.82 13.76
MiMo-VL-7B-SFT+Proactive | 13.10 4240 | 13.84 4948 | 1347 4691

Table 7. Ablation study on the impact of contextual information dimensions. We evaluate model performance after systematically
removing one of the four key dimensions: User Profile, Device Status, World Information, and Behavioral Trajectories. The “All Info”
row represents the full model performance with no information removed, serving as the baseline. Metrics are Success Rate (SRT) and
False Trigger Rate (FTRY). Best results are in bold, and second-best are underlined. All scores are in percentage (%). Note that the ‘w/o

Trajectories‘ experiment removes the distinction between Multimodal and Text data.
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Based on the user profile and historical behavior analysis, the user is 25 years old and a photography enthusiast who

User Profile frequently browses digital camera review websites. Recently, the user has repeatedly searched for the “Sony Alpha 7 IV.”
The user also has a habit of purchasing products from U.S. e-commerce platforms via cross-border shopping (‘“Haitao™).
On the phone, the user has installed international remittance apps such as Wise and has a record of using them, showing a
preference for payment channels with lower transaction fees. Recently, the user has also browsed content related to travel
and geography, such as searching for “the capital of China.”

The current device time is 9:45 AM on Tuesday, October 11. The system’s primary language is set to English (Australia).
Device The device is located in Sydney, Australia. The phone battery level is sufficient at 91%, and it is connected to a stable
Status Wi-Fi network. Installed applications include Amazon, Wise, Gmail, Chrome, and YouTube. Recent notifications include
a shopping cart reminder from Amazon: “Items in your cart are still waiting for you!”

Macroeconomic information indicates that the global financial market is currently in an active trading period. According
World In- {0 real-time data, the current USD/AUD interbank exchange rate is approximately 1.58, although most payment channels
formation  typically charge additional fees on top of this rate. A financial news report notes that cross-border payment services

provided by emerging fintech companies often offer more favorable exchange rates than traditional banks. An

international news summary also reports that the European Space Agency is preparing a new Mars exploration program.

Tue, Oct O @ google.com/sea
Search your phone and more H

O @ googlecom/searchig=wha @
GXfe o
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Trajecto- ———
ries Beijing e
I 1] More about USDEUR >
< . L]
o (=D o
GRoe o

0.63 united states Dollar

1 dollar i rupees today

usdtoinr usdtoinr K usdtoinr K usdtoinr , ~_

The system detects that the user has pending items in their Amazon cart (notification) and is currently checking the

Thinking USD/AUD exchange rate (interaction trajectory), suggesting a cross-border payment intent. Given the user’s preference
for using Wise due to its lower fees (user profile), the system proactively recommends comparing exchange rates through
Wise and completing the payment there, potentially helping the user save money.

It has been detected that you have items waiting for checkout in your Amazon shopping cart and that you are currently
Text Intent checking the USD to AUD exchange rate. Considering that you have a habit of using Wise for cross-border
Label payments—and that Wise may offer more competitive exchange rates—would you like to open the Wise app to check the
rate and complete the payment?

Table 8. Case study.
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Table 8. Case study.
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Prediction

Model
[
{
"name": "bank_service_assistance",
"parameters": {
"bank_name": "Wise",
Label "service_type": "foreign exchange service",
"location_constraint": "",
"tasks": "check exchange rate"
}
}
]
GPT-5 No recommendation.
ol No recommendation.
[
{
"name": "bank_service_assistance",
Qwen2.5- "parameters": {
VL-7B- "bank_name": "Wise",
Instruct "service_type": "foreign exchange service",

"location_constraint": "global"

+ Proactive

Table 8. Case study.
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Prompt for Generating Contextual Information

Stepl: Prompt for generating scenarios.

As a scenario design specialist, you are tasked with creating proactive intelligence
scenarios for mobile devices. Specifically, given a particular operation instruction,
you must construct a plausible preceding usage context where the instruction naturally
emerges as the next proactive recommendation the device should immediately suggest.

Mobile Operation Instruction: {instruction}

Create a concise scenario description (within 200 words) requiring:

— The scenario must not explicitly include executing the instruction or the user
requesting it. Instead, the instruction should emerge naturally as the subsequent
action.

— The scenario must logically and evidently lead to the instruction being the next
immediate step, with a clear and justifiable inference path.

— The corresponding instruction must represent the most critical and urgent action
required in the generated scenario. For example, if the instruction is "Navigate

to the driving route to Shaoguan Danxia Mountain," the scenario should involve an
imminent departure or active route planning, not unrelated activities.

— The scenario must be definable from the device’s perspective as a sequence of
operations.

— The scenario must be detectable and identifiable through mobile device data, not
user subjective intent. For instance, for "Navigate to the driving route to Shaoguan
Danxia Mountain," the scenario should involve active route planning on the phone, not
the user thinking "I want to go to Shaoguan Danxia Mountain."

— Incorporate device-relevant details (e.g., device type, operational environment,
user-device interaction methods) to enhance realism and actionability.

— Avoid irrelevant content; ensure the scenario focuses on the practical application
of the mobile operation instruction.

— Provide the complete scenario description directly, without any prefixes,
explanations, or additional content.

— The scenario must exclude user subjective actions or feelings, focusing solely on
user-device interactions and environmentally perceptible information.

Step2: Prompt for Generating Scenarios and Requires.

You are a scenario design specialist tasked with specifying data requirements for
mobile proactive intelligence scenarios.

Based on the following mobile operation instruction and scenario, analyze the
essential device data required:

Mobile Operation Instruction: {instruction}
Scenario Description: {scenario}

List the key device data necessary for executing this instruction (within 100 words),
requiring:

— Include only data obtainable exclusively via the mobile device (e.g., GPS, time,
calendar, application usage history).

— The data must directly contribute to instruction execution.

- Exclude user subjective information or unobtainable data.

Provide the data list directly, without any prefixes, explanations, or additional
content.

Step3: Prompt for generating trigger, condition, and profile.
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As a scenario design specialist constructing a proactive intelligence dataset, you are
to formalize conditional scenarios for mobile devices based on specified operations.
Given a xxscenarioxx, a **specific operation instruction*x within that scenario, and
x+potentially involved device information*x, format it into the following structure:

Your conditional scenario comprises three components: sxtriggerxx, xxcondition**, and
*xprofilexx.

— "trigger": The trigger is one or a series of instantaneous actions or scenarios
detectable by the device. Upon detection, the device activates its built-in large
model to determine if a proactive recommendation is needed.

— "condition": The condition(s), which can be instantaneous or sustained, are

the information considered by the device’s model after triggering to reach a final
decision.

— "profile": The user profile is a brief character description containing basic
information. If necessary, it can include why this person would perform the operation

in the given context and their core need or motivation, but avoid overly explicit
direction.

Present triggers and conditions as bullet points, and the profile as a single string,
all within a dictionary. Refer to the example below.

Example: For the operation instruction "Remind the user to charge," the output should be:
{
"trigger": [
"Phone battery level drops below 40%",
"User 1is about to leave home"
JV
"condition": [
"User is actively using the phone",
"Current time is 10:00 AM"
]I

"profile": "User is a 30-year-old office worker with a busy schedule, often
forgets to charge the phone, and experiences battery anxiety.",
"expected_recommendation": "Remind the user to charge"

}

Your output must consist solely of the JSON list as shown above. Do not include any
other information.

You must output only one JSON list containing only one dictionary representing one
scenario.

— Ensure the provided trigger, condition, and profile are all logically connected to
the given operation instruction, and the scenario is plausible.

— Maintain high plausibility for triggers and conditions. Avoid unrealistic triggers
like "Phone microphone detects user’s stomach rumbling."

- Ensure the mobile operation instruction is the most urgent and logical action given
your trigger and conditions, with a complete logical chain.

— Triggers must be instantaneous events. Historical or sustained information (e.g.,
"Relevant browsing history exists in social media," "It is the weekend") is unsuitable
as triggers and should be conditions.

— Enclose all JSON keys and values in double quotes **""xx. Use single quotes *x*’ %%
for internal quotations within JSON strings to prevent parsing errors.

— If the given mobile operation instruction is too vague, you may refine it
appropriately. Ensure the final expected.-recommendation is clear and executable on

a mobile device.

Provided Information:

Mobile Operation Scenario: {task._scenario}
Mobile Operation Instruction: {task.recommend}
Device Information: {task.require}
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Step4: Prompt for generating user profile, device status, world information, and
textual behavioral trajectories of text data.

The user input is a JSON dictionary containing four fields: "condition", "trigger",
"profile", and "expected.recommendation". Here, "condition" specifies the conditional
context for the mobile proactive intelligence task, "trigger" indicates the
triggering events, "profile" describes the user’s personal characteristics, and
"expected._-recommendation" defines the desired recommendation output.

Your task is to supplement and refine the data based on this information. You must
generate the four sub-fields under "reference_information": "profile", "phone",
"world", and "trace". Produce three distinct data instances, ensuring their core

content varies.

Specifications: - The "profile" field is an expansion of the provided "profile" field
(Note: The generated field is distinct from the original).

— The "phone" field captures device information (e.g., basic device status, current
state, internal application data, pending tasks).

— The "world" field describes external context (e.g., weather, holidays).

— The "trace" field records the user’s recent behavioral trajectory, specifically
within the last ten minutes, as atomic operations (e.g., taps, swipes, button presses)
captured by the mobile device.

Requirements:

1. Maintain the exact output format as provided, which is a list containing JSON
dictionaries. The "benchmark metadata" field must remain identical to the input; do
not modify it.

2. Enclose all JSON keys and values in double quotes *x""xx. Use single quotes #*x*/xx
for internal quotations within JSON strings (e.g., "profile":"This is an ’example’.")
to ensure proper parsing.

3. Describe all generated valid information using natural language.

4. The "trace" must consist solely of atomic operation sequences perceptible by

the mobile device, even if this omits some user intent. Avoid vague terms like "a
certain," "one," or "an item." Specify operational objects concretely. *xEach step
must begin with "Tap," "Swipe," "Long Press," or "Input Text."xx The device must be
active (screen on) for each recorded action.

5. Incorporate timestamps precise to the second, adhering to realistic intervals.

Most consecutive operations should be separated by less than 5 seconds, with shorter
steps spaced 1-2 seconds apart.

6. The "trace" must not include the recommendation behavior itself, only the
preceding actions. The recommendation should occur immediately after the final trace
step; 1f recommendable earlier, the trace is invalid.

7. If the "trigger" includes a device operation, place it as the final step in the
"trace." For example, if the trigger is ["User arrived at location", "User unlocked
phone"], then "User unlocked phone" should be the last trace entry.

8. Integrate the "condition" field implicitly within the "phone", "world", and
"trace" fields during generation.

9. Ensure all generated content is perceptible by the mobile device. Exclude user
mental states or personality traits from "profile," and physical device details from
"phone."

10. Target approximate lengths: "profile" ~30 Chinese characters, "phone" ~30
Chinese characters, "world" ~30 Chinese characters, "trace" 5-10 entries.

The output format is as follows:

[{

"benchmark_metadata": {
"condition": ["condition"],
"trigger": ["trigger"],

23




"profile": ["profile"],
"expected_recommendation":"Remind user of low battery level and suggest charging”,

}I

"reference_information": {

b
{

"profile": "Basic information: Name, identification number, contact details, phone
number, email, device fingerprint, facial recognition, and other long-term/short-
term memory data",

"phone": "Battery level, charging status, mobile data, WiFi, Bluetooth, lock
screen status, foreground application, installed third-party applications, time,
language, dark mode, geographical location, SMS, push notifications, and

other messaging information",

"world": "Weather, holidays, traffic information, exchange rates, international
news, etc.",

"trace": ["Clicks, swipes, making phone calls, sending text messages, installing
applications, browsing web pages, taking photos, uploading files, WeChat payments,
etc."]

}

"benchmark_metadata": {

"condition": ["condition"],

"trigger": ["trigger"],

"profile": ["profile"],

"expected_recommendation":"Remind user of low battery level and suggest charging”,
}I

"reference_information": {

by
{

"profile": "Basic information: Name, identification number, contact details, phone
number, email, device fingerprint, facial recognition, and other long-term/short-
term memory data",

"phone": "Battery level, charging status, mobile data, WiFi, Bluetooth, lock
screen status, foreground application, installed third-party applications, time,
language, dark mode, geographical location, SMS, push notifications, and other
messaging information",

"world": "Weather, holidays, traffic information, exchange rates, international
news, etc.",
"trace": ["Clicks, swipes, making phone calls, sending text messages, installing

applications, browsing web pages, taking photos, uploading files, WeChat payments,
etc."]

}

"benchmark_metadata": {
"condition": ["condition"],
"trigger": ["trigger"],
"profile": ["profile"],

"expected_recommendation":"Remind user of low battery level and suggest charging",
}l

"reference_information": {

"profile": "Basic information: Name, identification number, contact details, phone
number, email, device fingerprint, facial recognition, and other long-term/short-
term memory data",

"phone": "Battery level, charging status, mobile data, WiFi, Bluetooth, lock
screen status, foreground application, installed third-party applications, time,
language, dark mode, geographical location, SMS, push notifications, and other
messaging information",

"world": "Weather, holidays, traffic information, exchange rates, international
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news, etc.",

"trace": ["Clicks, swipes, making phone calls, sending text messages, installing
applications, browsing web pages, taking photos, uploading files, WeChat payments,
etc."]

}
H

Input information:
{info}

Step5: Prompt for generating user profile, device status, world information, and
GUI behavioral trajectories of multimodal data.

You function as an autonomous intelligent data generator. Based on user-provided
triggers, conditions, and task profiles, your objective is to generate a proactive
intelligent recommendation task conforming to the following structure:

{

"benchmark_metadata": {
"difficulty_level": 1,
"condition": ["condition"],
"trigger": ["trigger"],
"profile": ["profile"],

"expected_recommendation":"Remind user of low battery level and suggest charging"|,

}I

"reference_information": {
"profile": "Basic information: Name, identification number, contact details, phon
number, email, device fingerprint, facial recognition, and other long-term/short-
term memory data",
"phone": "Battery level, charging status, mobile data, WiFi, Bluetooth, lock
screen status, foreground application, installed third-party applications, time,
language, dark mode, geographical location, SMS, push notifications, and other
messaging information",

"world": "Weather, holidays, traffic information, exchange rates, international
news, etc.",
"trace": [

{"source": "text", "text": "Clicks, swipes, making phone calls, sending text

messages, installing applications, browsing web pages, taking photos,
uploading files, WeChat payments, etc."},

{"source": "picture", "picture": "xxxxxxx.png"}
]
}I
"option": {
"expected_recommendation": ["expected_recommendation"]

}

The user-provided triggers, conditions, and task profiles are as follows:
{useful_information}

Please generate the 'profile’, ’'phone’, and 'world’ sections within
"reference_information’ according to the specified format.

Specifications:

- 'profile’ encompasses user personal information.

— ’'phone’ describes the mobile device’s environmental context.
- ’'world’ captures external world information.

— ’'trace’ represents the user’s behavioral trajectory.

[}
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- The final task should be inferable from this consolidated information.

Requirements:

1. Adhere strictly to the JSON output format and maintain the original JSON
structure.

2. Describe each generated section of valid information using natural language.

3. The ’'trace’ field contains pre-existing images. Meticulously identify information
within these images (e.g., battery level, time) to ensure generated content in
"profile’, ’'phone’, and ’'world’ does not conflict with the image data.

4. Target approximate lengths: ’'profile’ 30 Chinese characters, ’'phone’ 30 Chinese
characters, ’'world’ 30 Chinese characters.

5. The ’'phone’ field must contain device environment information obtainable by the
phone. The ’'world’ field must contain acquirable external information, excluding user
mental states, plans, or other content inaccessible to the device.

Output the complete modified data in strict JSON format without additional
explanations. Ensure:

All keys and string values are enclosed in double quotes ('"1').

Key-value pairs are separated by commas.

No trailing comma follows the last key-value pair.

Comments (e.g., ‘//' or ‘/* x/') are prohibited.

. Use single quotes xx’’xx for internal quotations within JSON strings (e.g.,
"profile":"This is an ’example’.").

a b w N
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Prompt for Generating Potential Intentions

Stepl: Prompt for generating 30 candidates.

<Role>

You are a professional mobile intelligent assistant evaluation specialist,
specializing in analyzing the decision-making processes of proactive mobile
recommendation systems. Your task involves predicting user operational intentions
based on multi-dimensional information and determining whether proactive
recommendations should be issued to the user.

Core Decision Principles:

1. Explicit and urgent user needs =+ Proactively recommend corresponding actions.
2. Ambiguous or non-urgent needs -+ Refrain from making recommendations.

</Role>

<Task>

Conduct a comprehensive analysis based on the following four categories of input
information:

— xxUser Profile Information (profile)xx: User preferences, usage habits, historical
behavior patterns.

— xxMobile Device Context (phone)*x: Current device status, network environment,
battery level, etc.

- *xExternal Context (world)*x: Time, location, weather, schedule, and other
environmental factors.

— xxUser Behavioral Trajectory (trace)xx: Recent operation sequences and behavioral
patterns.

Your tasks are:

1. Perform an in-depth analysis of the user’s genuine needs and intentions.
2. Assess the urgency and clarity of these needs.

3. Determine whether a proactive recommendation is warranted.

</Task>

<Analysis_Framework>
Please conduct your analysis according to the following framework:

1. xxNeed Identification**: Identify the user’s potential needs from the behavioral
trajectory.

2. xxUrgency Assessmentxx: Judge whether the identified need requires immediate
attention.

3. xxRecommendation Decision**: Based on the above analysis, decide on the

recommendation content or whether to recommend at all.
</Analysis_Framework>

<Output_Requirements>
Output strictly in JSON format, including the following field:

{{

"expected_recommendation": " (Recommendation Content)/ (No Recommendation)"

+}

**xFormat Specificationsxx:

— All keys and string values must be enclosed in double quotes ("").

- Key-value pairs should be separated by commas, with no comma following the last
pair.

— Use single quotes (’’) for any quotations within JSON string values.

- Comments (e.g., // or /x %/) are prohibited.
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— If no recommendation is warranted, the "expected.recommendation" field should be "No
Recommendation".

— Please respond in Chinese.

</Output_Requirements>

<Input_Data>

### Reference Data:
{each_data[’reference_information’]}

</Input_Data>
Step2: Prompt for clustering centroids.

You are a professional data clustering specialist tasked with clustering mobile
operation instructions based on their core semantic meaning.

The clustering principle is to categorize instructions according to the primary
action’s core semantics, disregarding minor descriptive variations.

Existing cluster categories:
{existing_cluster_desc}
Instructions requiring clustering:
{instructions_text}

Please adhere to the following clustering requirements:

1. When analyzing instructions, focus solely on the core operation, ignoring
irrelevant context, impact, function, and prefatory phrases such as "We suggest you
XXX" or "We recommend you XXX."

2. If an instruction’s core operational semantics align or are similar to an existing
category, and its operational object is substantially consistent, it can be assigned
to that category. Prioritize the core function of the operation during clustering,
overlooking minor phrasing differences.

3. If the core operational semantics of an instruction do not match any existing
category, create a new one. When describing a new category, provide a concise
description of the core operation content and object, omitting detailed information
and irrelevant environmental context.

Example: The recommendation "Detected that you are sending an email to IT support.
Would you like to automatically generate an email template containing error details
like "ERR_.CONNECTION_TIMED_OUT’?" can be clustered into the category "Automatically
generate fault report emails."

Please output the results in JSON format as follows:

{

"clustering_results": [

"instruction_index": 1,
"instruction": "Instruction content",
"cluster_id": "Category ID",

"is_new_cluster": true/false,

"cluster_description": "Category description (if it is a new category)"
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}

Notes:

— Use numerical identifiers for ’cluster_id’. For new categories, use the next
available number.

"is_new_cluster’ indicates whether a new category was created.

"cluster_description’ is only required when ’'is_new_cluster’ is true.

— Ensure all keys and values in the JSON output are enclosed in double quotes x*""xx.
Use single quotes #*x’’xx for any quotations within JSON string values to prevent
parsing issues.

Step3: Prompt for generating thinking processes.

You are a data specialist processing mobile proactive intelligence task data.
Proactive recommendation refers to the device’s capability to anticipate user needs
and deliver suggestions based on an analysis of multimodal data, including user
profile, behavioral trajectories, device status, and world information, prior to any
user request.

Your task is to supplement the reasoning process. Based on the provided
recommendation instruction and antecedent information (user profile, behavioral
trajectories, device status, and world information), reconstruct the logical inference
from precondition analysis to recommendation generation.

Output format:

\

{

AR

J

{

b}

son

"thinking": "Supplemented reasoning process"

Output the complete data in strict JSON format without additional explanations.
Ensure:

g w N

"

ro

All keys and string values are enclosed in double quotes ("");
Key-value pairs are separated by commas;

No trailing comma follows the last key-value pair;

Comments (e.g., // or /* */) are prohibited;

Use single quotes ’’ for internal quotations within JSON strings (e.g.,
file":"This is an ’example’.").

Important Notes:

1.
2.
is required), you must still provide reasoning explaining this determination.

The supplemented reasoning process should be concise, limited to 100 words.
If the original recommendation instruction is empty (indicating no recommendation

Original recommendation instruction: {instruction}

Antecedent information: {data[’reference_information’]}
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Prompt for Adding Interfering Information

You function as a data generation specialist, currently engaged in processing datasets
for mobile proactive intelligence tasks. These tasks involve the mobile device
proactively identifying user needs and making recommendations by analyzing user
behaviors, contextual information, and other relevant data.

Your specific task is to inject varying types of irrelevant information into each
data entry to create noisy training datasets, thereby elongating the data length.
However, this must be accomplished without altering the original recommendation
behavior inherent to the data. The current trigger information is derived from the
"condition’, ’trigger’, and ’'profile’ fields within the ’'benchmark_metadata’. The
desired output recommendation task for the large language model is specified in the
"expected_-recommendation’ field of the ’benchmark.metadata’. The information source
utilized by the large model to infer this trigger is the ’'reference_information’
field. You are required to insert irrelevant information specifically within the
"reference_information’ field.

The ’"profile’ field is an expansion based on the initially provided "profile" field

(Note: The field you generate is distinct from the original "profile" field). The

"phone’ field encapsulates device information (including basic device status, current
state, internal application data, pending tasks, etc.). The ’'world’ field describes
external contextual information (including weather conditions, holidays, etc.). The

"trace’ field records the user’s recent behavioral trajectories, specifically xx*
within the last ten minutesx**, as captured by the mobile device.

Requirements:

1.You may rephrase the original effective information but must preserve its semantic
meaning.

2. Irrelevant information should be task-independent, and its insertion must not
impact the original recommendation behavior.

3. Textual noise should be inserted exclusively into the ’profile’, ’phone’, ’'world’,
and ’'trace’ sub-fields within ’'reference_information’. No new fields should be

added. You must strive to diversify the content of these fields rather than merely
elaborating on existing content. For instance, if the original "profile" indicates
the user has battery anxiety, your expansion should not elaborate on this anxiety but
introduce other unrelated information.

4. Maintain the output format as JSON and preserve the original JSON structure.

5. Ensure all keys and values in the JSON format are enclosed in double quotes
**""xx, Use single quotes *=*'’xx for any quotations within JSON string values (e.g.,
"profile":"This is an ’‘example’."). Failure to adhere to this may result in JSON
parsing errors, leading to professional dissatisfaction and potential termination.

6. The ’'trace’ information must constitute a sequence of genuine, atomic operations
perceptible by the mobile device, even if this results in the loss of some user intent
information. Avoid vague descriptors like "a certain," "one," or "an item." Instead,
specify the operational objects concretely. =xxEach step must commence with verbs such
as "Tap," "Swipe," "Long Press," or "Input Text."x* Incorporate timestamps precise to
the second, conforming to realistic scenarios. The time intervals between consecutive
operations should reflect realistic usage patterns, with most adjacent operations
separated by less than 5 seconds. For each recorded action, the mobile device must be
in an active state (screen on), not in a sleep or locked state.

7. Guarantee that all generated content is perceptible by the mobile device.

For example, the ’'profile’ should not include user mental states or personality
preferences; the ’'phone’ field should not contain physical device specifications.

8. After noise insertion, the ’phone’ approximately random.choice (phone_num)
characters, ’profile’ text should approximate {random.choice (profile_num)} characters,
"world’ approximately random.choice (env_num) characters, and ’'trace’ approximately
random.choice (trace_num) entries.

9. Since the final step in the ’‘trace’ constitutes the trigger source, irrelevant
information can only be inserted xbeforex this final step, not after it.
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The data format is as follows:

{data_struct}

Below is the data text requiring processing.
lacks the "difficulty_level" field within
supplement this field.

set to {i}. The current data text is:

{data\_information(i]}

"benchmark_metadata”.
For this specific data entry,

Please note that the provided data text
You are required to
the "difficulty_-level" should be
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Prompt for Mapping to Function

You are a data expert processing data related to mobile proactive intelligence tasks.
These tasks refer to the capability of a mobile device to proactively identify user
needs and make recommendations based on user behavior, environmental context, and
other relevant information.

Your objective is to map a given mobile instruction to the most appropriate GUI
control function(s). You are provided with an instruction and a set of control
functions. Your task is to identify one or more functions that best represent the
instruction, populate the parameters of each function accordingly, and formalize the
instruction into executable function calls.

Output Format:

ANANRY

json
{{
"function": [
{{
"name": "function_name",
"parameters": {{
"paraml": "valuel",
"param2": "value2",
"param3": "",

Please ensure the output adheres strictly to the JSON format without any additional
explanations. The following must be observed:

1. All keys and string values must be enclosed in double quotes ("").

2. Key-value pairs must be separated by commas.

3. No trailing comma is allowed after the last key-value pair.

4., Comments (e.g., // or /+ x/) are prohibited.

5. Any quotation marks within string values should be single quotes (’’). Example:
"personal": "This is an ’example’."

Important Guidelines:

1. Each function in the provided list includes a name, description, similar
functions, and parameters.
2. Each parameter has a description, type, and a flag indicating whether it is

required. Required parameters must be assigned a non-empty value; optional parameters
may be assigned a non-empty value or left empty. No parameters should be omitted.

3. If a parameter is of type "dict", the "value" field specifies its internal
structure and sub-fields. Ensure all sub-fields are populated. For non-dict
parameters where "value" is not "non-enumerable", select one value (for types str

or bool) or multiple values (for type list) from the "value" options as appropriate.
4. Do not introduce new functions or parameters.

5. Analyze the full meaning of the instruction carefully. Determine whether

multiple steps or a combination of functions are necessary to achieve the intended
functionality. If multiple functions are required, list them in the order of
execution. Use the minimal number of functions possible to fulfill the instruction.
6. If no suitable function matches the instruction, return an empty list for the
"function" field.

7. For unused or unknown parameters within a function, retain them as empty strings.
8. While internal reasoning may be conducted in Chinese, the final output must retain
the original English names for functions and parameters.
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Prompt for Three-stage Review

Prompt for Agent Review

You are a data generation expert responsible for reviewing and refining data related
to mobile proactive intelligence tasks. Mobile proactive intelligence refers to

the capability of mobile devices to proactively identify user needs and provide
recommendations based on user behavior, environmental context, and other relevant
information. You will receive a complete data record and must evaluate its quality
against rigorous criteria.

The data record contains the following fields: - "trigger": A trigger is one

or a series of instantaneous actions or scenarios detectable by the device. Upon
detection, the device activates its built-in large model to determine whether
proactive recommendations are necessary.

— "condition": Conditions represent information considered by the device after
trigger detection to reach a final decision. Conditions may be instantaneous or
persistent.

- "persona": A persona is a concise description of a user, including basic
information, the reason why this person would perform the operation in the given
scenario, and the individual’s core needs or motivations.

— "phone": Device information, which may include battery level, charging status,
mobile data, WiFi, Bluetooth, lock screen status, foreground application, installed
third-party applications, time, language, dark mode, geographical location, SMS, push
notifications, etc.

- "world": World information, which may include weather, holidays, traffic
information, exchange rates, international news, etc.

- "trace": A timestamped sequence of device operations, represented as atomic actions
such as clicks, swipes, button presses, etc.

— "think": The reasoning process inferring the recommendation based on available
information.

— "expected.recommendation": The expected recommendation outcome generated by the
built-in large model after detecting triggers and conditions, considering the persona,
device information, world context, and operation sequence. Note: This field may be

an empty string, indicating that no proactive recommendation should be provided at
that moment.

Evaluation criteria for data quality:
— Authenticity of persona, device, and world information: Persona and device
attributes must be perceivable by the device. For example, user personality traits

(e.g., introversion or extroversion) or physical device characteristics (e.g., phone
case type or screen scratches) are imperceptible.
— Stereotyping avoidance in persona, device, and world information: If the

expected recommendation is empty, persona, device, and world information must avoid
stereotypes, mediocrity, or artificiality. For instance, personas such as "user

has no fixed hobbies, is aimless, indecisive, has irregular eating habits, and lacks
planning" are unacceptable. Similarly, world descriptions like "today’s weather is
unpredictable, alternating between good and bad, with fluctuating air quality" are
inappropriate.

— Authenticity of trace information: Each trace record must be authentic and

perceivable by the device. Traces must be clearly described, avoiding vague
references (e.g., "some" or "a certain"). Each step must begin with explicit actions
such as "click", "swipe", "long press", or "enter text." The device must remain active

throughout each operation step and cannot be in a screen-off state.

— Appropriateness of recommendation timing: The recommendation should be suitable for
issuance immediately upon completion of the final trace step. If the recommendation
could have been provided at an earlier step, it is inappropriate. Similarly, if the
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recommendation would disrupt the user’s ongoing activity, it is unsuitable.

— Optimality of the recommendation: If a more suitable, relevant, or useful
suggestion could be provided in the given scenario, the current recommendation is
inadequate.

— Balance between autonomous exploration and proactive recommendation: Carefully
analyze whether a proactive recommendation should be issued. Data is invalid if

a recommendation is provided when none should be given, or if no recommendation is
provided when one is warranted.

— Suitability of the recommended action as a proactive intelligent recommendation:

The action should reflect potential user needs and intentions. For example, "Open
Taobao to purchase XXX basketball shoes" is reasonable because the intent is easily
generated and perceived by the user. In contrast, "Open Taobao and add the third item
I saw to the shopping cart" is unreasonable due to the ambiguous and uncertain nature
of ‘‘the third item." Similarly, "Open Taobao to change profile picture" is invalid
because such intent is difficult to perceive clearly.

— Concreteness and executability of the recommended action: The predicted task should
not be suggestive but rather consist of specific, executable actions on the device.
For example, instead of "Recommend visiting a highly-rated gallery 400 meters away and
entering before 16:00 to enjoy art market discounts," it should be "Navigate the user
to the highly-rated gallery 400 meters away and assist with ticket purchase."

- Avoidance of overly brief recommendations: If the user can complete the action

with only one or two clicks on the current interface, a proactive recommendation is
unnecessary.

- Other potential concerns as deemed appropriate.

You must evaluate the provided data against these criteria using stringent standards.
Your output should be a JSON string in the following format, with no additional
content.

Output example:
{

"is_reasonable": true/false,

"reason": "Reason for validity/invalidity"

Input data:
{data}

Prompt for Repairing Data

You are a professional data repair specialist responsible for correcting mobile
operation-related data records.

You will perform repairs based on the following four information categories:

— User profile

- Device status

— World information

— Modification suggestions or identified issues (manually annotated)

Your objectives:

1. Strictly modify the data according to the "modification suggestions or identified
issues";
2. Ensure corrected content fully aligns with facts demonstrated in screenshots;

3. Maintain semantic, logical, and operational coherence;
4. Modify only problematic components without arbitrarily altering correct elements;
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5. Output structure must remain consistent with original data fields;

6. Output must be valid and parseable JSON;

7. If "modification suggestions" contain ambiguity, contradictions, or logical
conflicts, add a "note" field explaining the rationale while still providing a
reasonable corrected version.

Screenshot consistency rules (mandatory):

- "Charging status": Determined by battery icon symbols;
— "Battery percentage": Only filled when numerical values are clearly visible in
screenshots;

- If screenshot shows charging symbol without numerical percentage =+ Indicate
"charging" only, without fabricating percentages;

— If screenshot displays battery percentage without charging symbol =+ Specify battery
percentage without charging description;

- Screenshot content takes highest priority; no speculative generation permitted.

Language and output requirements:

State facts directly using natural language;

Avoid parenthetical explanations, reasoning, or screenshot judgment rationale;
Exclude programmatic expressions (e.g., "is_charging=True");

Omit unactivated states when applicable;

Retain critical states (charging, brightness, network, Bluetooth, mode switches,
etc.);

6. Maintain concise, accurate, and objective style;

7. Output must be strict JSON format without additional text or Markdown.

g w N

Output format example:

"user_information": "xxx",
"device_information": "xxx",
"world_information": "xxx"

User profile: {user_info}

Device status: {device_info}

World information: {world_info}

Modification suggestions or identified issues: {issues}

Perform precise data correction based on the above information and factual evidence
from screenshots.

If conflicts exist between screenshots and input information, prioritize screenshot
content for modifications.

Output only in the specified JSON format.
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Prompt for Training/Inference

<Role>

You are a professional mobile intelligent assistant evaluation expert, specializing
in analyzing the decision-making processes of mobile proactive recommendation systems.
Your task involves predicting user operational intentions based on multi-dimensional
information and determining whether to proactively recommend relevant functions to
users.

Your output consists of three sequential stages:

1. <think>: First, articulate your thinking process using natural language.

2. <rec>: Based on the thinking process, state the recommended action in natural
language.

3. <function>: Translate the aforementioned action into a structured function call
sequence.

Crucially, the content of <rec> must correspond precisely to the outcome of
<function>, with <function> serving as the exact structured representation of <rec>.
</Role>

<Task>
Conduct comprehensive analysis based on the following four input categories:
- device status: Current device status, network environment, battery status, etc. -

world information: Time, location, weather, schedule arrangements, and other external
environmental factors. - Behavioral Trajectories: Recent operation sequences and

behavioral patterns.

Your responsibilities include:

1. Conducting in-depth analysis of users’ genuine needs and intentions

2. Evaluating the urgency and clarity of identified requirements

3. Determining the necessity for proactive recommendations

4. TIf recommendations are warranted, selecting appropriate execution sequences from

the provided function pool

**xCritical Guidelinesxx:

— Return function sequences only when recommendations can be fully implemented using
the provided functions

- Return an empty list if no recommendation is necessary or implementation through
existing functions is unfeasible

— Function sequences must be arranged in execution order

</Task>

<Analysis_Framework>
Adhere to the following analytical framework:

1. xxRequirement Identificationxx: Identify potential user needs from behavioral
trajectories, cross-validating with profile, environmental, and world context
information (particularly time, location, and schedule)

2. xxUrgency Assessmentxx: Determine whether requirements necessitate immediate
attention by assessing if factors such as current time, schedule arrangements,

or device status (e.g., low battery, weak network) constitute urgent triggering
conditions

3. xxFunction Matching**: Verify whether requirements can be completely satisfied
using existing functions in the poolfall function parameters must be fillable without
missing critical elements

4. xxRecommendation Decisionxx: Based on the above analysis, decide whether to
recommend and determine recommendation content|recommend only when requirements are
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explicit, urgent, and fully executable through available functions
</Analysis_Framework>

<QOutput_Format>

Strictly adhere to the following output structure:

<think>Your reasoning process</think><rec>Your natural language recommendation
decision</rec> <function>Corresponding structured function call JSON</function>
</Output_Format>

<Output-Requirements>

**<think> Section Requirementsxx:

The reasoning process must include deep analysis of user requirements, incorporating
reasoning based on the provided multi-dimensional information.

x*x<rec> Section Requirementsxx

Recommended actions must be specific and executable on mobile devices within limited
steps. Predicted tasks should not be suggestive but rather consist of concrete,
executable action sequences on mobile devices.

x*+<function> Section Requirements (JSON Format) xx

!

json

"model_recommendation": [

{f

"name" :"function_name_1",
"parameters": {{
"paraml": "valuel",
"param2": "valuel2",
"param3": ""
b}
|
{{
"name" :"function_name_2",
"parameters": {{
"paraml": "valuel",
"param2": "",
"param3": ""
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*xJSON Format Requirementsxx:

- All keys and string values must be enclosed in double quotes ("")

- Key-value pairs are separated by commas, with no comma after the last pair

— Quotes within JSON strings use single quotes (’')

- Comments (// or /+ %/) are prohibited

— Each feature must include "name" and "parameters" fields

— Parameters must only contain essential arguments for feature execution; optional
parameters without values may be set to empty strings "" or omitted entirely

— If no recommendation is needed, <rec> is ’'No Recommendation’ and the
model_recommendation field is an empty array [].

Consistency Enforcement:

— The function sequence in <function> must exactly match the operations described in
<rec>.

- If <rec> is marked "Not Recommended" but <function> contains content -+ output is
invalid.

— If <rec> contains recommended content but the corresponding function is not found in
the available function list, the output <function> should be an empty list

Function Requirements:

- Each function in our provided list has a name, description, similar functions, and
parameters.

— Each parameter has a corresponding description, type, and mandatory status.
Non-mandatory parameters may be omitted; mandatory parameters must be filled.

- If a parameter type is "dict", the "value" field must specify the parameter’s exact
structure and fields. Ensure every field is fully populated. If the parameter type
is not \dict" and ‘value’ is not "cannot be enumerated", select one value (for str or
bool types) or multiple values (for list types) from "value" based on the parameter
type.

- Do not add any new functions or parameters.

— Carefully analyze the complete meaning of the instruction, considering whether
multiple steps or combined functions are needed to achieve the functionality. If

the instruction requires multiple functions to complete, list all relevant functions
in the order they are executed.

— If the instruction cannot be mapped to a suitable function, leave the "function"
field as an empty list [].

— For unused or unknown parameters within a function, leave them empty.
</Output_Requirements>

<Input_Data>
### Reference Data:
{json.dumps (each_data[’reference_information’], ensure_ascii=False)}

### Available Function List:
{json.dumps (function_pool, ensure_ascii=False) }
</Input_Data>

Carefully analyze the input data (particularly all visible information in image
data), conduct reasoning based on the analytical framework, and strictly output
recommendation results in JSON format.
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