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Abstract

Multimodal large language models (MLLMs)
have substantially advanced mobile agents, yet
proactive mobile assistance remains challeng-
ing because agents must decide when to inter-
vene before determining how to assist. Existing
systems often implement these two decisions
within a unified MLLM-based pipeline, lead-
ing to goal misalignment between conservative
intervention filtering and comprehensive assis-
tance generation, as well as redundant infer-
ence when the agent should remain silent. To
address these limitations, we propose the Pre-
Reasoning Perception Framework (PRPF),
a two-stage framework built on perceiving be-
fore reasoning. PRPF introduces a lightweight
Multimodal Proactive Perceptor (MPP) for in-
tervention gating and context compression, and
activates the Proactive Agent Reasoner (PAR)
only when intervention is warranted. Experi-
ments on the ProactiveMobile benchmark show
that PRPF substantially reduces false trigger
rates (FTR) while improving success rates (SR)
and inference efficiency over the ProactiveMo-
bile baseline.

1 Introduction

Multimodal large language models (MLLMs), par-
ticularly vision-language models (VLMs), have
substantially advanced mobile agents by enabling
them to perceive mobile interfaces and execute user
instructions (Qwen Team, 2026; Hurst et al., 2024;
Zhang et al., 2025b). However, mobile agents
are increasingly expected to move beyond reactive
instruction following toward proactive assistance,
where they anticipate user needs and intervene with-
out explicit prompts (Lu et al., 2025; Kong et al.,
2026). Existing studies commonly formulate proac-
tive assistance as a when—how problem, in which
an agent must first determine when to intervene and
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Figure 1: Comparison between unified proactive rea-
soning and PRPF. Left: Many existing proactive agents
couple when and how within a unified framework. Right:
PRPF decouples these two tasks and filters out cases
that do not require recommendation before reasoning,
thereby reducing unnecessary interruptions.

then decide how to assist (Yang et al., 2026b; Xie
et al., 2026; Liu et al., 2026a).

Recent systems typically realize this formula-
tion within a unified VLM-based agent. For ex-
ample, ProAgentBench treats when to assist and
how to assist as timing judgment and content gen-
eration subtasks handled by the same fine-tuned
backbone (Tang et al., 2026). Similarly, PARE-
Bench frames proactive assistance as an Observe—
Execute process, where observation and execution
are realized by switching tool-use modes within
one VLM-based assistant (Nathani et al., 2026).
Despite differences in implementation, these sys-
tems generally couple the when and how decisions
within a unified proactive-agent framework. As
illustrated in Figure 1, existing proactive agents
invoke the same reasoning pipeline for deciding
whether to intervene and determining how to assist,
whereas PRPF decouples these two decisions by
filtering cases that do not require recommendation
before the reasoning stage. This unified design
gives rise to two key limitations:
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Goal misalignment. The when decision re-
quires conservative and highly discriminative judg-
ment to suppress false triggers under asymmetric
intervention costs, whereas the how decision re-
quires broad multimodal reasoning and flexible
content generation. Coupling these goals within
a single VLM-agent makes it difficult to simulta-
neously achieve conservative intervention filtering
and comprehensive assistance generation. As ob-
served in Proactive Agent and PRISM, even strong
models struggle to maintain the low false-trigger
rates required for satisfactory mobile user experi-
ence (Lu et al., 2025; Fu et al., 2026). Excessive
interventions disrupt user workflows, while overly
conservative policies risk reducing proactive agents
to passive assistants.

Inference inefficiency. Existing single-stage
VLM agents execute the full reasoning pipeline
regardless of whether intervention is ultimately
needed. As aresult, large models are activated even
when the correct behavior is to remain silent, incur-
ring unnecessary long-context and multi-turn rea-
soning costs (Gao et al., 2024; Yang et al., 2026a).
This inefficiency becomes more severe in mobile
environments with diverse scenarios and large func-
tion spaces. For example, ProactiveMobile requires
reasoning over schemas spanning 14 scenarios, sub-
stantially increasing prompt length and inference
cost (Kong et al., 2026). ContextAgent similarly
reports higher computational costs with limited
performance gains under complex contextual set-
tings (Yang et al., 2026b).

To address these limitations, we propose the Pre-
Reasoning Perception Framework (PRPF), a mo-
bile proactive intelligence framework built on the
principle of perceiving before reasoning. Rather
than using a large VLM to jointly determine when
to intervene and how to assist, PRPF separates the
two stages at the architectural level. A lightweight
perceptual front-end first performs intervention gat-
ing and candidate function compression, assigning
the conservative when judgment to an efficient dis-
criminative module. The VLLM-based reasoner is
then activated only when intervention is warranted,
allowing it to focus on the generative how-stage.
This separation aligns each module with its corre-
sponding goal while avoiding full VLM inference
in cases where the agent should remain silent.

Concretely, PRPF introduces a Multimodal
Proactive Perceptor (MPP), a lightweight mul-
timodal fusion encoder with short- and long-term
pathways that operates before large-model reason-

ing. MPP first decides whether the agent should in-
tervene or remain silent, thereby reducing false trig-
gers at the source. It then selects the top-K intent
scenarios and takes the union of their associated
functions to form a compressed function pool, fil-
tering irrelevant long-tail contexts and reducing the
reasoning burden for the subsequent stage. Given
this compact evidence, the Proactive Agent Rea-
soner (PAR) conducts focused deep reasoning to
generate the final proactive recommendation. As
a result, MPP serves as a pre-reasoning percep-
tual cutoff, while PAR concentrates its reasoning
capacity on cases where proactive assistance is ac-
tually needed. Experiments on the ProactiveMobile
benchmark show that PRPF improves the success
rate from 20.82% to 41.15%, reduces the false trig-
ger rate from 13.76% to 7.21%, and cuts expected
inference compute by 69.3%. These results show
that PRPF improves proactive recommendation and
tool invocation accuracy while reducing false inter-
ruptions by better identifying when to remain silent.
In summary, our contributions are as follows:

* We propose PRPF, a two-stage pre-reasoning
perception framework that architecturally de-
couples when judgment from how-stage rea-
soning for proactive mobile agents.

* We design MPP, a lightweight and plug-and-
play multimodal perceptor for intervention
gating and context compression, together with
PAR, a Proactive Agent Reasoner for com-
plete and focused how-stage reasoning.

* Extensive experiments on the ProactiveMo-
bile benchmark demonstrate that PRPF sub-
stantially reduces false trigger rates while im-
proving success rates and inference efficiency.

2 Related Work
2.1 Proactive Agents

Proactive-agent research extends LLM agents from
instruction following to active assistance, where
agents must judge intervention timing and generate
useful assistance from ongoing context (Lu et al.,
2025; Tang et al., 2026; Fu et al., 2026). Prior
work studies this distinction through intervention-
timing prediction, assistance-content generation,
cost-sensitive selective intervention, and staged
proactive behavior (Tang et al., 2026; Fu et al.,
2026; Nathani et al., 2026; Xie et al., 2026). Proac-
tive GUI and mobile settings make this problem
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Figure 2: Overall architecture of PRPF. MPP determines whether proactive intervention is necessary, selects top-K
intent scenarios to construct the compressed function pool, while PAR infers user intent and generates executable

recommendations from the pool.

concrete because user intent must be inferred from
interface trajectories before an explicit command
is issued. Existing benchmarks study intent rec-
ommendation over GUI trajectories and executable
function-sequence generation from on-device con-
text (Chai et al., 2026; Kong et al., 2026). Using
ProactiveMobile as the evaluation setting, PRPF
focuses on the architectural separation between
lightweight pre-reasoning intervention perception
and heavy VLM-based assistance reasoning.

2.2 GUI Perception and Efficient Reasoning

Mobile and GUI agents provide the perception
and execution substrate for proactive assistance,
but most existing systems remain reactive. Prior
work has advanced smartphone operation, mobile
task execution, screenshot-based GUI understand-
ing, and visual grounding under explicit instruc-
tions (Zhang et al., 2025b; Wang et al., 2024;
Rawles et al., 2025; Deng et al., 2024; Qin et al.,
2025; Cheng et al., 2024). These advances improve
how an agent perceives and acts on a requested
GUI task, but not whether a continuously observed
mobile context warrants intervention. Efficiency-
oriented work further introduces intermediate per-

ception, adaptive visual processing, region selec-
tion, or model routing before expensive reason-
ing (Wu et al., 2025; Mehrotra et al., 2025; Tang
et al., 2025; Liu et al., 2026b; Ong et al., 2024; Xu
et al., 2025). These methods use front-end selec-
tion, but their decision signals are typically task
difficulty, region relevance, or model-call cost for a
given query. They do not by themselves resolve the
proactive intervention variable: whether a mobile
context warrants intervention and which intent can-
didates should condition subsequent assistance.

3 Method

3.1 Task Definition

Proactive intelligence on mobile devices requires
models to infer users’ latent needs before explicit
requests and generate executable function-call se-
quences (Kong et al., 2026). Therefore, this task
not only requires accurately determining when to
trigger recommendations, but also generating func-
tion sequences aligned with user intent. Given a
mobile interaction sample, its input includes the
user profile (U), device state (D), world informa-
tion (W), and interaction history (/). In the multi-
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modal setting, I is represented as a GUI screenshot
sequence, whereas in the text setting, it is repre-
sented as trajectory text. The model needs to pro-
duce an executable function-call sequence from the
function set (I):

- {@ (1)
Y §:[(f17&1)7---7(fm7&m)]

where @ indicates that proactive recommendation
should not be triggered under the current state; $
denotes the function-call sequence predicted by the
model; fm € F denotes the m-th predicted func-
tion, and a,,, denotes the corresponding function
argument.

3.2 PRPF Framework

To address the high false-trigger rate and inference
inefficiency in proactive mobile intelligence, we
propose the Pre-Reasoning Perception Framework
(PRPF), as shown in Figure 2. PRPF consists of
two parts: 1) the lightweight Multimodal Proac-
tive Perceptor (MPP), which quickly determines
whether the current mobile interaction state should
trigger proactive recommendation and predicts the
high-level intent scenarios; 2) the Proactive Agent
Reasoner (PAR), which generates function-call se-
quences consistent with users’ intent. MPP filters
out samples that do not require recommendation;
otherwise, it passes the corresponding function
pool to PAR for reasoning.

3.3 Multimodal Proactive Perceptor

MPP consists of a fast—slow dual-channel interac-
tion module and two task-specific MLP heads for
trigger gating and intent-scenario prediction. The
latter ranks the 14 high-level intent scenarios, and
constructs a compressed function pool from the se-
lected scenarios, while PAR generates executable
recommendations from this pool.

Taking multimodal data as an example, the tex-
tual information and GUI screenshot sequence are
first encoded by the text encoder and image en-
coder, respectively:

Htext = .ftext({U7D7 W})7 Himg = {fimg(It)}z;p (2)

where ficx¢ and fimg denote the text encoder and
image encoder, respectively; I; denotes the t-th
GUI screenshot; and 7' denotes the length of the
complete GUI screenshot sequence.

The textual and visual features are then projected
into a unified dimensional space through linear

mappings:

Crext = WeHiex, Cimg = WvHimga 3)

where W, and W, are the linear projection matri-
ces. Cext € R3*? and Cimg € RT*d denote the
projected textual context representation and screen-
shot sequence representation, respectively, and d is
the unified projection dimension.

The function-call sequence depends on both
short-term GUI dynamics and long-term behav-
ioral preferences reflected in the textual context.
Accordingly, we construct fast and slow channels
to capture these complementary signals.

The slow channel captures long-range behav-
ioral patterns that reflect users’ preferences. First,
we apply attention pooling over the complete GUI
sequence to obtain the global visual-state represen-
tation:

Z = AttnPool(Cimg)- ()

The pooled visual representation is then concate-
nated with ¢y and fed into a Transformer Encoder
to obtain the long-term cross-modal representation
Hgow over U, D, W, and the complete GUI screen-
shot sequence:

Hgow = Tslow ([Ctexﬂ j]) s (5

where Tqow denotes the Transformer Encoder of
the slow channel (Vaswani et al., 2017).

The fast channel captures short-term user dynam-
ics. Based on empirical observations, we select the
most recent four representations from the projected
GUI sequence cimg and feed them into a Trans-
former Encoder to obtain the short-term dynamic
representation Hy,g:

Hfast = ,East (Cimg[T —k+1: T]) 5 (6)

where k¥ = 4 and T, denotes the Transformer
Encoder of the fast channel.

To enhance the information interaction between
the fast and slow channels, MPP introduces a cross-
attention mechanism, enabling the model to si-
multaneously consider users’ long-term behavioral
background and the instantaneous state of the cur-
rent interface when determining the recommen-
dation timing. Specifically, for any channel pair
(c,¢) € {(fast,slow), (slow, fast) }, the represen-
tation of the current channel is used as the Query,
while the representation of the other channel is
used as the Key and Value, thereby obtaining the
cross-channel context-enhanced representation:

H.=MHA(Q =H., K = H;,V =H;). (7)
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Attention pooling is then applied to the two en-
hanced representations, which are concatenated to
obtain the fused representation z € R2?,

The fused representation z is fed into the trigger-
gating head to obtain the probability of triggering
proactive recommendation:

Ptrig = U(MLPtrig(Z))7 (8)

where o denotes the sigmoid function. If ps.;y < T,
the sample is directly filtered out. Otherwise, it
is passed to PAR for subsequent reasoning. The
details are provided in Appendix B.1.

To further compress the function pool and im-
prove reasoning efficiency, we feed z into the intent-
scenario prediction head to obtain the probabilities
of the 14 intent scenarios:

Dscenario = U(MLpscenario(Z)) . (9)

We select the top-K intent scenarios with the
highest pscenario and take the union of the functions
associated with these scenarios to construct the
compressed function pool F'. Each function is as-
sociated with exactly one intent scenario, whereas
one intent scenario corresponds to multiple func-
tions. This operation reduces the function pool by
approximately 68.25%. We set K = 5 according
to the analysis in Appendix B.1.

3.4 Proactive Agent Reasoner

For samples that MPP predicts as requiring rec-
ommendations, we input U, D, W, the complete
GUI screenshot sequence, and the compressed can-
didate function set F’ into PAR for structured rea-
soning and content generation. Since MPP serves
as a lightweight pre-reasoning gate, PAR performs
a final consistency verification before generating
executable recommendations, mitigating potential
gating errors from the upstream perceiver. To bet-
ter predict users’ intent, we design a multi-step
reasoning process.

First, a Ul summary is generated based on the
GUI screenshots to understand the semantics and
sequential information of the GUI screenshots.
Then, combined with U, D, W, Ul summary,
and F, a thinking chain containing function se-
lection is generated. Finally, PAR outputs the struc-
tured proactive recommendation results, including
validated intervention decisions, selected function
names, and corresponding parameters.

Reasoning Prompt P,

Given the user profile, device status, en-
vironmental information, screenshots, pre-
dicted scenes, and available functions, ana-
lyze the user’s current behavior and deter-
mine whether a recommendation is needed.
1. ui_summary: Summarize the current in-
terface, key content, and the user’s opera-
tion stage.

2. thinking: Analyze the user’s behavior,
intent, task status, and whether a recommen-
dation is needed; if needed, determine the
recommendation function and parameters.
3. recommendations: Output the recom-
mendation instruction and function call; if
no recommendation is needed, output “No
recommendation”.

\.

3.5 PRPF Training Objective

Since the two stages play different roles, we train
MPP and PAR separately, and use the training set
of ProactiveMobile to train the two modules (Kong
et al., 2026).

MPP is jointly optimized with two losses. Due
to class imbalance, non-recommendation samples
are oversampled to the same proportion as recom-
mendation samples, and Focal Loss is used (Lin
et al., 2017). Given the ground-truth label y,ig
and the predicted trigger probability pyrig, Where
Ytrig = 1 indicates triggering recommendation, the
trigger-gate loss is denoted as L yig:

(10)

Etrig = _at(l - pt)’y IOg(Pt)a (11)

where p; denotes the true-class predicted probabil-
ity, v reduces the weight of well-classified samples,
and oy balances different categories.

For triggered samples, BCE loss is used for op-
timization, and we compute the function-scenario
prediction 1oss Lscenario:

Pt = YtrigPtrig + (1 - ytrig)(l - ptrig)a

Lgcenario = BCE (yscenarimpscenario) s (12)

where Yscenario denotes the corresponding ground-
truth multi-label function-scenario vector, repre-
sented in multi-hot form. Finally, the joint training

objective of MPP is defined as Lyrpp:
LMPP = Etrig + )\Escenarim (13)

where ) is the weight of the function-scenario pre-
diction loss.
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To better train PAR, we further fine-tune
Qwen3.5-9B using SFT and GRPO. We construct
a total of 8,876 multimodal and text data samples
for SFT on Qwen3.5-9B, and we present the de-
tailed construction process in Appendix A.3. Thus,
given the input x;, the model generates the struc-
tured output y;. The two types of data are uni-
formly trained using the standard autoregressive
cross-entropy loss, and the SFT loss is defined as:

Lspr = —7% > ;mij10g Py (yij | i yi<j), (14)

where y; ; denotes the j-th token in the output of
the i-th sample, and y; «; denotes all tokens gen-
erated before the j-th token. Z denotes the total
number of valid supervised tokens.

While SFT teaches PAR the structured response
format, it may still be unstable on boundary cases
and imperfect in function selection or argument
grounding. We therefore apply GRPO after SFT
to stabilize no-intervention decisions and improve
executable assistance generation (Guo et al., 2025).

We construct GRPO prompts from rollouts of
the SFT-trained PAR, denoted as the reference pol-
icy mef, and retain only rollout groups with non-
trivial reward variance and intermediate correctness
rates, leaving boundary no-intervention cases and
intervention cases with disagreement in function
selection or argument grounding. For each retained
prompt x;, GRPO samples N rollouts {g)”}évzl
and forms the group-relative advantage

i = B, i) — i

I oi+ 06

where u; and o; are the mean and standard devi-
ation of the rollout rewards, and ¢ is a small nu-
merical constant. We optimize the policy with the
clipped GRPO objective and a KL penalty to myef.
For a rollout g, intervention outcomes are deter-
mined by whether the predicted and gold function
sequences are empty. We use a structured reward

R(§,2) = Race(§, 2) + Rimt (9) + Rear(9, ), (16)

where R,.. scores the intervention decision,
function-name sequence matching, and argument
grounding, while Rgy,¢ scores compliance with the
required output schema. The calibration term Ry
adjusts the reward across intervention outcomes: it
anchors correct silence on no-intervention cases,
keeps false interventions penalized even when they
are well formed, rewards complete gold-function
coverage, and discourages redundant function calls.
Full reward-component definitions and calibration
details are provided in Appendix A.4.

; (15)

4 Experiments

4.1 Experimental Settings

Training Details. The official ProactiveMobile
training split contains 8,876 samples (see Ap-
pendix A.2). For MPP, we partition this split into
internal-training and development subsets with an
8:2 ratio, train MPP on the internal-training sub-
set, and select the inference hyperparameters 7
and K on the development subset with the trained
checkpoint fixed. PAR is trained separately on the
full official training split. The text and image en-
coders used in PRPF are BGE-small-zh-v1.5 and
CLIP ViT-B-32(Xiao et al., 2024; Radford et al.,
2021). The base model used by PRPF is Qwen3.5-
9B. Specific experimental details are provided in
Appendix A.1.

Baselines. To verify the effectiveness of PRPF,
we select three representative types of models for
comparison experiments. Closed-source models:
GPT-5.5, 03, Gemini-3.1-Pro, Claude-Opus-4.7,
GLM-4.6V, Kimi-K2.5, and MiMo-V2.5 (Ope-
nAl, 2026, 2025; Google DeepMind, 2026; An-
thropic, 2026b; Hong et al., 2025; Kimi Team et al.,
2026; Xiaomi MiMo, 2026). Open-source mod-
els: TongUI-7B and Qwen3.5-9B (Zhang et al.,
2025a; Qwen Team, 2026). Proactive intelligence
models: ProactiveMobile (7B) is the task-specific
model introduced with the ProactiveMobile bench-
mark. We additionally construct UI-TARS-7B-
DPO+Proactive and Qwen3.5-9B+Proactive by
fine-tuning the corresponding backbones on the
ProactiveMobile training split. The two reproduced
baselines use the same SFT data, prompts, out-
put format, and training hyperparameters, differing
only in their backbones. All three baselines jointly
perform the when and how decisions within a uni-
fied end-to-end model, providing a direct compari-
son with PRPF’s explicitly decoupled architecture.

Metrics. Following ProactiveMobile, we adopt
three core metrics: function-name sequence ac-
curacy (Type-Acc), success rate (SR), and false
trigger rate (FTR) (Kong et al., 2026). Type-Acc
measures whether the predicted function-name se-
quence exactly matches the ground truth. SR evalu-
ates the overall correctness of the prediction, while
FTR quantifies the proportion of false proactive
triggers among samples that do not require recom-
mendation. The detailed calculation formulas are
provided in Section B.3.
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Model Multimodal Text ALL
Type-Acct SRT FTR| Type-Acet SRt FTR| Type-Acet SRT FTR|
GPT-5.5 40.34 18.40 33.48 55.09 49.02 19.24 47.71 33.69 23.84
03 39.63 17.25 4145 51.31 44.53  26.89 45.46 30.87 31.61
Gemini-3.1-Pro 18.94 9.33 7647 33.97 26.75 56.60 26.45 18.03 6l1.11
Claude-Opus-4.7 37.23 15.83 41.03 55.91 48.69 18.81 46.56 32.24  26.11
GLM-4.6V 36.25 11.74  74.45 29.98 20.19 67.04 33.12 1596 69.33
Kimi-K2.5 25.33 9.33  30.02 39.50 35.56 32.51 32.40 2243 31.64
MiMo-V2.5 32.10 11.63 39.45 39.08 34.54 37.06 35.58 23.07 37.87
TongUI-7B 1.75 0.33  15.79 8.15 8.04 18.58 4.95 4.18 18.10
UI-TARS-7B-DPO+Proactive 30.90 8.52 63.13 14.17 9.90 64.67 22.54 9.21 63.84
Qwen3.5-9B 8.30 295 7152 8.15 569 77.13 8.22 432 75.30
ProactiveMobile (7B) 33.68 15.61 2391 56.84 26.04 8.51 45.25 20.82  13.76
Qwen3.5-9B+Proactive 39.52 14.85 18.54 59.52 54.32  10.63 49.51 34.56 13.49
PRPF (Ours) 40.83 17.19  17.99 69.20 65.15 1.75 55.00 41.15 7.21

Table 1: Overall performance comparison on the ProactiveMobile test set. We report Type-Acc T, SR 1, and
FTR | under multimodal, text, and overall settings. The best and second-best results are highlighted in bold and
underlined, respectively. All scores are reported in percentage (%).

4.2 Overall Performance Analysis

Table 1 presents the overall performance compar-
ison between PRPF and various baseline models
on the ProactiveMobile test set. From these results,
we make the following observations:

1. PRPF achieves the best overall performance.
Compared with the strongest fine-tuned baseline
Qwen3.5-9B+Proactive, PRPF improves Type-Acc
by 5.49 percentage points, improves SR by 6.59
percentage points, and reduces FTR by 6.28 per-
centage points. This suggests that, compared with
standalone end-to-end VLMs, the two-stage PRPF
better separates when to recommend from how to
recommend, thereby improving recommendation
success while suppressing false triggers.

2. FTR is significantly reduced. From the ta-
ble, we observe that models without task-specific
fine-tuning often exhibit high FTR. For example,
GPT-5.5 reaches 23.84%. Fine-tuned models can
better reduce false triggers, such as ProactiveMo-
bile (7B), which reduces FTR to 13.76%. In con-
trast, our method directly reduces FTR to 7.21%,
and even reduces it to 1.75% in the text setting.
The extremely low false trigger rate verifies the ef-
fectiveness of the two-stage training and inference
of PRPFE.

4.3 Evaluation on ContextAgentBench

To further evaluate the generalization capability of
PRPF beyond our primary benchmark, we addition-
ally evaluate PRPF on ContextAgentBench, which
assesses proactive timing and tool-use quality un-

der a different task formulation, output schema, and
data distribution. (Yang et al., 2026b). The bench-
mark provides official training and test splits. For
PRPF, we partition the official training split into
training and development portions with a 9:1 ratio
for training-time validation, while reserving the of-
ficial test split for final evaluation. Both MPP and
PAR are retrained on the training portion. PRPF
uses a binary MPP gate for intervention decisions,
followed by PAR, which scores candidate actions
and generates tool-use outputs for triggered sam-
ples. GPT-5.5 and Qwen3.5-9B are evaluated under
the ICL-ALL protocol used in the original bench-
mark.

As shown in Table 2, PRPF achieves the best per-
formance on all four metrics, including Acc-P, FD,
RMSE, and Tool-F1. Compared with Qwen3.5-
9B, PRPF improves Acc-P from 0.838 to 0.913,
reduces FD from 0.028 to 0.008 and RMSE from
1.817 to 1.121, and improves Tool-F1 from 0.693
to 0.788. These results show that the decoupled
perception-and-reasoning design remains effective
under a different proactive-agent task and evalua-
tion schema.

4.4 Ablation Study on Core Components

To further verify the effectiveness of each core com-
ponent in PRPF, we conduct ablation studies on the
same test set under the same settings, covering
the following four module groups: Overall Struc-
ture: w/o MPP denotes removing MPP, where all
samples directly enter PAR; w/o PAR denotes us-
ing Qwen3.5-9B for direct inference in the how
stage. MPP Structure: w/o Slow Channel denotes
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Model Ace-Pt FD] RMSE| Tool-F1t
GPT-5.5 0.908 0.020 1.556  0.737
Qwen3.5-9B  0.838 0.028 1817  0.693
PRPF (Ours) 0913 0.008 1.121  0.788

Table 2: Results on the ContextAgentBench test split.
GPT-5.5 and Qwen3.5-9B are evaluated under the ICL-
ALL protocol, while PRPF uses the trained MPP—PAR
pipeline. Higher values are better for Acc-P and Tool-
F1, while lower values are better for FD and RMSE.

Multimodal Text ALL
Model
SRT FTR| SRt FTR] SR1 FTR|
Full PRPF (Ours) 17.19 1799 65.15 1.75 41.15 7.21
- w/o MPP 15.56 22.01 61.16 4.22 3833 10.38
- w/o PAR 6.06 60.64 60.89 3.33 33.44 18.46
- w/o Slow Channel 16.59 20.88 6291 3.44 39.73 9.38
- w/o Fast Channel 16.54 17.73 64.33 2.02 4041 7.32
- w/o Compression 16.65 19.11 64.50 2.02 40.55 7.78
- w/o Recommend 15.88 21.28 62.75 3.87 39.29 9.74
- w/o GRPO 16.05 48.63 6335 2.81 39.67 15.56
- w/o SFT 491 61.60 60.18 4.37 32.51 18.61

Table 3: Ablation study of PRPF.

removing the slow channel from MPP, and w/o
Fast Channel denotes removing the fast channel
from MPP. MPP Functionality: w/o Compression
denotes that MPP only provides the recommenda-
tion judgment, while the full function set is input
into PAR; w/o Recommend denotes that MPP does
not perform recommendation judgment and only
provides the function compression results. PAR
Training Strategy: w/o SFT denotes removing
SFT from PAR, and w/o GRPO denotes removing
GRPO from PAR.

As shown in Table 3, MPP and PAR provide
complementary benefits, as removing either mod-
ule decreases ALL SR and increases FTR. Within
MPP, the slow channel contributes more than the
fast channel, since removing it leads to a larger drop
in ALL SR and a greater increase in FTR. For MPP
functionality, trigger gating plays a more impor-
tant role than candidate function compression, as
w/o Recommend causes more severe performance
degradation than w/o Compression. For PAR train-
ing, SFT establishes the basic generation capability,
whereas GRPO further improves the decision pol-
icy. Removing SFT substantially degrades both
ALL SR and FTR, while removing GRPO mainly
leads to a notable increase in ALL FTR.

ProactiveMobile (78) [l PRPF (9B) PRPF w/o Compression [l PRPF w/o Recommend

Compute Peak Memory
TFLOPs GB ms

E2E Latency
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Figure 3: Inference efficiency comparison on Proactive-
Mobile. Lower values indicate better efficiency.

4.5 Efficiency Analysis

We evaluate inference efficiency on the Proactive-
Mobile test set using three metrics: per-sample
inference compute (TFLOPs), peak GPU mem-
ory (GB), and end-to-end latency (ms). We use
the ProactiveMobile (7B) baseline introduced in
Section 4.1 and the PRPF variants defined in Sec-
tion 4.4. The efficiency comparison isolates the
contributions of intervention gating and candidate-
function compression by measuring their effects
on the number of PAR invocations and the size
of the function pool provided to PAR. Detailed
routing and aggregation rules are provided in Ap-
pendix B.5.

Compared with the single-stage ProactiveMo-
bile (7B) baseline, our PRPF (9B) reduces com-
pute by 69.3% and end-to-end latency by 60.1%,
at the cost of a 12.0% increase in peak memory
because PRPF runs a stronger 9B PAR backbone
on the gate-accepted fraction. Both MPP com-
ponents contribute to this saving, but in different
ways. The intervention gate removes PAR calls
for no-intervention observations, as reflected by
PRPF w/o Compression a 24.6% compute reduc-
tion and 29.8% latency reduction; peak memory
rises by 26.7% because accepted contexts still use
the full function pool on the 9B engine. By con-
trast, scenario-based function-pool filtering reduces
the full pool of 63 API functions to no more than
20 functions on average, as reflected by PRPF
w/o Recommend, which lowers the cost of ev-
ery PAR call, reducing compute by 57.1% and
latency by 50.5% with the same 12.0% memory
overhead. Thus, in the efficiency benchmark, can-
didate function-pool reduction has the larger stan-
dalone effect, while PRPF (9B) combines it with
intervention gating so that heavy VLM-based as-
sistance reasoning is invoked less often and with a
shorter function-pool prompt when invoked.
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Model Multimodal Text ALL

SRt FTR| SRt FTR| SRt FTR|
ProactiveMobile (7B) 15.61 2391 26.04 851 20.82 13.76
ProactiveMobile (7B) + MPP  12.61 2195 6220 1.60 3738 8.08
GLM-4.6V 11.74 7445 20.19 67.04 1596 69.33
GLM-4.6V + MPP 13.92 6875 6291 4.15 3839 1997
Qwen3.5-9B (SFT) + PAR 17.08 19.55 6258 355 39.80 898
Full PRPF (Ours) 17.19 1799 6515 175 4115 721

Table 4: Plug-and-play evaluation of MPP with differ-
ent proactive reasoners. The “+ MPP” variants prepend
MPP for intervention gating and candidate-function
compression, while Qwen3.5-9B (SFT) as Perceptor
+ PAR uses a fine-tuned 9B model as the perceptor and
PAR as the downstream reasoner.

4.6 Analysis of MPP

To evaluate the lightweight and plug-and-play prop-
erties of MPP, we consider three complementary
comparisons. First, we compare ProactiveMobile
(7B) with and without MPP, where MPP is inserted
before the original proactive reasoner. Second, we
perform the same comparison with GLM-4.6V to
test whether MPP can be integrated with a differ-
ent reasoner. In both comparisons, “+ MPP” de-
notes that MPP performs intervention gating and
candidate-function compression before the down-
stream model generates the recommendation. Fi-
nally, we compare Qwen3.5-9B (SFT) + PAR with
full PRPF. Here, Qwen3.5-9B (SFT) is a 9B model
trained with the same SFT procedure as Proactive-
Mobile (7B) and used for intervention filtering and
function selection, while PAR performs the subse-
quent recommendation generation. This compari-
son contrasts a larger perceptor with the lightweight
MPP under the same two-stage setting. The results
are reported in Table 4.

The first two groups of comparisons demonstrate
the plug-and-play property of MPP, showing that
MPP becomes effective once integrated into dif-
ferent models. The third group verifies that MPP
achieves better results than the fine-tuned Qwen3.5-
9B while using far fewer parameters (0.1B vs. 9B).

4.7 Case Study

To localize PRPF’s failures, we partition every
test sample into one of five mutually exclusive
outcomes under SR scoring and report the per-
modality breakdown in Figure 4. PRPF achieves
SR = 1 on 65.2% of TEXT samples but only
17.2% of Multimodal samples; the multimodal gap
is mainly caused by refusal (34.8%), where the sys-
tem stays silent on samples that require recommen-
dation, and function error (24.1%), where PAR se-

13.8% /0-4% 15.2% 17.2%

\
3.7% b ‘
-
P
17.0%

Refusal ‘ |
Others 65.2% 34.8%

TEXT /GUI
B B Correct

B ® Function err.

— 24.1%

Parameter err.

— 8.7%

(a) TEXT samples (b) Multimodal samples

Figure 4: Per-modality breakdown of PRPF outcomes
on the ProactiveMobile test set under SR scoring.

lects an incorrect intent. A detailed qualitative case
and a finer error decomposition (separating gate-
side from PAR-side refusal, plus six sub-patterns of
non-empty mismatch) are deferred to Appendix C.

5 Conclusion

In this paper, we introduced PRPF, a Pre-Reasoning
Perception Framework for mobile proactive intelli-
gence. PRPF decouples when to recommend from
how to recommend by using MPP for lightweight
pre-reasoning perception and PAR for focused
recommendation reasoning. On ProactiveMobile,
PRPF achieves 41.15% overall success rate and
7.21% false trigger rate. It also reduces infer-
ence compute by 69.3% and end-to-end latency
by 60.1% over the ProactiveMobile (7B) baseline,
showing the lightweight efficiency of the proposed
framework. The consistent gains of MPP across dif-
ferent reasoners further demonstrate its plug-and-
play capability. The consistent improvements on
ContextAgentBench further demonstrate the gener-
alizability of PRPF across different proactive-agent
task formulations, output schemas, and data distri-
butions. These results highlight the value of sep-
arating lightweight intervention perception from
expensive recommendation reasoning in proactive
mobile agents.

Limitations

MPP is trained on the 14 high-level intent sce-
narios defined in the ProactiveMobile benchmark.
While this design suffices for the current function
pool, extending PRPF to new domains or a signifi-
cantly larger API space would require re-training
(or at least fine-tuning) the perceiver to learn new
intent-scenario distributions and update the Top-K
filtering vocabulary. Future work could explore
continual-learning or prompt-based adapters to mit-
igate this re-training cost.

Multimodal understanding remains a bottleneck.
Despite the overall improvement, absolute success
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rates on multimodal tasks are still modest (17.19%
SR), and even the strongest baselines struggle to
exceed 18% SR on ProactiveMobile’s GUI screen-
shot setting. This gap suggests that current vision-
language models still lack the fine-grained interface
understanding required for ProactiveMobile assis-
tance. Closing this gap likely demands stronger
visual grounding, higher-resolution GUI encoders,
or larger-scale multimodal pre-training beyond the
scope of this work.

Ethics Statement

ProactiveMobile agents inherently require access to
sensitive on-device signals, including GUI screen-
shots, user profiles, and interaction histories, which
raises significant privacy concerns. We emphasize
that all training and evaluation data used in this
work are derived from the publicly available Proac-
tiveMobile benchmark; no private user data or real-
device traces were collected or used. For real-world
deployment, PRPF must enforce explicit user con-
sent and strict adherence to the principle of least
privilege to prevent unauthorized surveillance or
data leakage. Beyond initial consent, users should
retain granular control over which on-device sig-
nals the agent may access, with the ability to audit
and modify these permissions at any time. An opt-
out mechanism must allow users to disable proac-
tive interventions globally or per-application with-
out degrading passive query functionality. Further-
more, intervention personalization should enable
users to customize the frequency, timing, and sensi-
tivity of proactive triggers—for example, suppress-
ing suggestions during specific activities or setting
daily intervention limits—thereby preventing be-
havioral over-inference and ensuring the agent re-
spects individual boundaries.
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A Experimental Settings

A.1 Implementation Details

The training hyperparameters of MPP, PAR super-
vised fine-tuning (SFT) and GRPO optimization
are summarized in Table 5. All experiments are
evaluated under the same setting, with the prompts,
output format, and the list of available functions in
the API pool kept consistent. PRPF is trained on
NVIDIA H20 (96 GB HBM3) GPUs, consuming
approximately 2,817 GPU-hours in total.

A.2 Datasets

ProactiveMobile is a comprehensive benchmark
dataset for mobile proactive intelligence (Kong
et al., 2026). It is designed to evaluate whether
a model can proactively infer users’ latent needs
from contextual information on mobile devices be-
fore users explicitly issue requests, and generate
executable function-call sequences.

The dataset is constructed around four types of
mobile contexts, including user profiles, device
states, world information, and behavioral trajec-
tories. Specifically, user profiles describe users’
long-term habits, preferences, and basic attributes;
device states reflect the current device and envi-
ronmental status; world information provides ex-
ternal background such as weather, time, and hol-
idays; and behavioral trajectories characterize the

Parameter Value
MPP

Optimizer AdamW
Learning Rate 1x107*
Trigger-Gating Threshold 0.78
Candidate-Pool Size K=5
Batch Size 8
Maximum Epochs 50
Early-Stopping Patience 10
Hidden Dimension 256
Scenario Loss Weight A=0.5
PAR-SFT

Optimizer AdamW
Learning Rate 1x107°
LR Schedule Cosine annealing
‘Warmup Ratio 0.1
Training Epochs 5

Batch Size 16
Gradient Accumulation Steps 2
PAR-GRPO

Optimizer AdamW
Learning Rate 5% 1077
KL Coefficient 0.05
Rollouts per Prompt N =28
Batch Size 32
Training Epochs 1

Table 5: Training hyperparameters for MPP, PAR super-
vised fine-tuning, and GRPO optimization.

continuous interaction process between users and
mobile devices. Meanwhile, the dataset also con-
structs a fixed function pool containing 63 distinct
composite API functions. In terms of data format,
ProactiveMobile contains both text scenarios and
multimodal scenarios, where text scenarios use tex-
tual descriptions of behavioral trajectories, while
multimodal scenarios use consecutive GUI screen-
shot sequences. Detailed dataset statistics are re-
ported in Table 6. In addition, considering the diver-
sity of user needs in real-world mobile scenarios,
ProactiveMobile adopts a multi-answer annotation
mechanism, where the same context may have mul-
tiple reasonable intent—function sequence annota-
tions. When multiple valid references are available,
the prediction is matched against the best-matched
valid gold sequence following the ProactiveMobile
evaluation protocol.

A.3 SFT Data Construction

We construct two types of SFT data according to
the sample modality: multimodal SFT data and text
SFT data.
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Split Data Type Items Intents Images Function Calls
Trai Multimodal 4438 8977 32418 9964

A Text 4438 4438 - 8259
Test Multimodal 1832 3711 14341 4173

e Text 1828 2676 - 2266

Table 6: Statistics of the ProactiveMobile dataset, bro-
ken down by Train and Test splits and data modality.
The table summarizes the composition of ProactiveMo-
bile benchmark, including the number of items, intents,
Ul images, and total functions.

Multimodal SFT data construction. We de-
compose the recommendation generation process
into four types of supervision signals: interface-
state understanding, function-selection constraints,
reasoning-process construction, and final recom-
mendation generation. For recommendation sam-
ples, we use Claude Sonnet 4.6 for generation (An-
thropic, 2026a). Specifically, based on the GUI
screenshot sequence, we first generate a Ul Sum-
mary, which contains the current page stage, key
interaction regions, and state changes. Then, com-
bined with the user profile, device state, world
information, and candidate functions, we gener-
ate the Thinking process containing Function Se-
lection. The Function Selection includes can-
didate function-pool analysis, function-matching
judgment, final function selection, and argument-
source explanation. In this way, the model learns
not only “what to recommend”, but also “based
on what context to recommend”, “why to recom-
mend at this moment”, and “how to select ex-
ecutable functions from the candidate function
pool” (Yang et al., 2026b; Kong et al., 2026). For
non-recommendation samples, we do not construct
the Thinking process and directly output the result.

Text SFT data construction. We decompose
the recommendation generation process into three
types of supervision signals: function-selection
constraints, reasoning-process construction, and
final recommendation generation. Except for the
generation of Ul Summary, all generation steps are
consistent with those of multimodal SFT data.

A4 GRPO Optimization Details

We use GRPO as a post-SFT optimization stage for
PAR (Guo et al., 2025). This appendix summarizes
the rollout filtering, objective, and reward used for
the GRPO stage.

Data construction. GRPO prompts are built
from SFT-format prompts and rollouts of the SFT-

trained PAR, which is used as the reference policy
mref. Let Doy denote the rollout set, where each
case contains N = 8 sampled outputs and rule-
based reward scores. We retain only rollout groups
with non-trivial disagreement:

std({Ri ;1) > 0.1, 0.1 <CR; <0.9, (17)
Here CR,; is the rollout-level correctness rate under
a case-specific intervention criterion. For inter-
vention cases, correctness requires exceeding the
TP-quality threshold used by the reward implemen-
tation, thereby filtering out mere triggering with-
out sufficient function-name or argument correct-
ness. For no-intervention cases, correctness means
predicting an empty function-name sequence. Re-
tained cases are weighted to emphasize function-
correct but argument-weak cases and false-positive-
prone no-intervention cases, then resized to 5,000
examples with at least 30% no-intervention records.
During resizing, intervention records in the high-
variance disagreement region, std; > 0.3 and
0.1 < CR; < 0.7, are preferentially preserved, fol-
lowed by a 95:5 stratified train/development split.

Reward. Let S(y) denote the function-name se-
quence extracted from output y. For the super-
vised target y;, S = S(y;) is the gold function-
name sequence in the SFT response; for rollout g; ;,
S'Z-,j = S(9i,;) is the predicted sequence. When
multiple gold recommendations are available, S*
denotes the best-matched gold sequence selected by
exact sequence accuracy and then function-name
F1. In the reward formulas below, we omit instance
and rollout indices and write S and S* for readabil-
ity.

The four intervention outcomes are defined by
whether S and S* are empty:
(18)

1rp = 1[|S] > 0A|S* > 0], 1pn=1[S|=0A|5* =0],

(19)

Irp = 1[|S| > 0A[S* = 0], 1px =1[|S|=0A[S*] >0].

The rollout reward is decomposed as
R(:l), l‘) = Racc(ga .I‘) + Remy (?Q) + Rcal(ga -77)’ (20)

Roce = wTRtrig + (wFRfunc + wARargs)]-TPa (21)
Rfrnt = wMRschemm (22)
R(:a] = bTNlTN + (pr + pFP)lFP + (bcov +povcr)1TP~ (23)

Ryyig assigns quadrant-level intervention credit
to TP/TN/FP/FEN outcomes. R, combines
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Figure 5: Sensitivity analysis of trigger-gate perfor-
mance under different thresholds 7.

function-name set-F1 and longest-common-
subsequence order consistency. [R5 combines
must-fill argument completeness and typed value
similarity. Rgchema scores output schema compli-
ance, including tag order, function-field presence,
JSON validity, and function-call structure. The
calibration terms reward correct silence, keep
false interventions net-penalized, reward full
gold-function coverage, and penalize redundant
function calls. Unparseable outputs receive only
schema credit.

We set wpr = 2.0, wrp = 3.0, wyg = 2.5,
and wy; = 0.5, with bpxy = 6.0, ppp = —1.5,
beov = 0.2, and A, = 0.6 for the over-prediction
penalty. These constants are calibrated on devel-
opment rollouts to preserve the intended ordering
from malformed outputs, to valid no-intervention
outputs, to partially correct TP outputs, and finally
to fully correct executable recommendations. Our
empirical ablations focus on the MPP/PAR archi-
tecture rather than treating reward constants as a
separate contribution.

B Additional Experimental Results

B.1 MPP Hyperparameter Selection and
Sensitivity Analysis

Following the protocol described in Section 4.1,
we use the fixed MPP checkpoint trained on the
internal-training subset and select 7 and K on the
corresponding development subset. The selected
values are then used unchanged on the official test
split.

Trigger-Gating Threshold 7. The main hyper-
parameter affecting the effectiveness of MPP is the
threshold 7 of the trigger-gating head, which di-
rectly determines how many samples need to be
filtered. Since the goal of MPP is to filter out

a large number of non-recommendation samples
while retaining as many recommendation samples
as possible, we mainly select two evaluation met-
rics: Recall and Specificity. Recall measures the
proportion of recommendation samples that are
correctly retained, i.e., avoiding missed recommen-
dations, while Specificity measures the proportion
of non-recommendation samples that are correctly
filtered, i.e., effectively suppressing false triggers:

Recall = %, Specificity = %. (24)

Following the standard idea of ROC operating-
point selection (Fawcett, 2006), we formulate
threshold selection as a constrained optimization
problem: under the constraint of Recall > 0.90,
i.e., the missed recommendation rate does not ex-
ceed 10%, we maximize Specificity. As shown in
Figure 5, we perform a grid search on the develop-
ment subset over thresholds 7 € [0.05,0.95] with a
step size of 0.01. As 7 increases, Recall monoton-
ically decreases while Specificity monotonically
increases, forming a trade-off curve between the
two metrics. We select 7 = (.78 as the deploy-
ment threshold, achieving Recall = 90.42% and
Specificity = 76.92% on the dev split, and freeze
it for all subsequent experiments. This means
that the gate can filter out approximately 77% of
non-recommendation samples while retaining more
than 90% of samples that truly require recommen-
dations. Among the thresholds satisfying the recall
constraint, 7 = (.78 provides the strongest filtering
capability on the dev split.

Top-K Intent Scenarios. With 7 fixed at the
value selected above, we sweep the number of se-
lected intent scenarios, K € {1,...,10} on the
same development subset. We report development-
set Top-K Recall and end-to-end SR in Table 7.
Top-K intent-scenario Recall counts an instance
as recalled if the selected intent scenarios cover all
intent scenarios associated with at least one ground-
truth function sequence. K = 5 provides the best
development-set trade-off. On the held-out devel-
opment subset, Top-K Recall reaches 95.52% at
K = 5 and improves by only an additional 3.85
percentage points when K is increased from 5 to
10. Meanwhile, development-set SR reaches its
highest value, 41.15%, at K = 5 and does not
improve with larger sets of selected intent scenar-
ios. This non-monotonic behavior is consistent
with distractor interference: once the relevant func-
tions are reliably covered, additional candidates

32886



K 1 2 3 4 5 6 7 8 9 10
Dev Top-K Recall (%) 74.92 85.19 90.66 93.69 9552 97.02 97.84 9847 98.93 99.37
Dev SR (%) 39.54 3989 4090  40.19 4115  40.87 4049 40098 40.55 40.11

Table 7: Sensitivity to the number of selected intent scenarios K on the development set. The bolded column
(K = 5) marks the saturation point of Top-K Recall, at which SR also peaks; we adopt it as the default.

Pred. Pos. Pred. Neg. Total
Actual Pos. 2171 239 2410
Actual Neg. 169 1081 1250
Total 2340 1320 3660

Table 8: Trigger-decision confusion matrix of MPP on
the ProactiveMobile test set. Pos. and Neg. denote rec-
ommendation and non-recommendation, respectively.

increase the prompt and candidate-scoring burden
without consistently improving the final prediction.
We therefore select K = 5 by jointly considering
candidate coverage, end-to-end development SR,
and function-pool compactness. The selected value
is frozen and used unchanged in all final test-set
evaluations.

B.2 Detailed Results and Experimental
Analysis of MPP

For multimodal data, the processing procedure of
MPP has been described in the main text. For text
data, we only need to replace the GUI screenshot
sequence with Trace Text, while keeping all other
steps consistent.

The main experiments use the seed-42 MPP
checkpoint with the fixed threshold 7 = 0.78. The
confusion matrix is shown in Table 8. MPP filters
out 1,320 samples, of which 1,081 are actual non-
recommendation cases, corresponding to a negative
predictive value of 81.89% (1,081/1,320) for the
filtered subset. Moreover, a portion of the 169
cases will also be correctly handled in the subse-
quent PAR stage.

For the five-seed stability analysis, each seed in-
dependently selects its own threshold on its corre-
sponding development subset using the same recall-
constrained rule. The threshold 0.59 + 0.24 re-
ported in Table 9 is the mean + standard deviation
of five seed-specific thresholds. Table 9 reports
the five-seed mean =+ standard deviation. The re-
sults indicate that the trigger decision is stable and
reliable. The filtering capability is also effective:
Specificity reaches 83.81-86.48%, which means

that MPP can filter out more than 83% of non-
recommendation samples, significantly reducing
the computational burden of the downstream deci-
sion model.

TP+TN
A = 25
WAy = TN+ FP+ FN 2
TP

PreCiSiOn - W (26)

2 x Precision x Recall
Fl = 27
Precision + Recall 27)

c t

NCOITEC
Intent Top-5 Acc = ZC:lc—c, (28)

c=1-""'¢C

where C' denotes the total number of scenario cat-
egories, NSOt denotes the number of samples
in the c-th scenario category that are correctly hit
by the Top-5 prediction, and N, denotes the total
number of samples in the c-th scenario category.

B.3 Expanded Results with Granular Metrics

Metric Calculation. Given a test set D, let S(y)
denote the function-name sequence extracted from
an output y. For a model prediction ¢, we de-
note the predicted function-name sequence as S =
S(9)-

When multiple valid ground-truth recommenda-
tions are available, G = {57, ..., S} } denotes the
set of all valid gold function-name sequences. Each
sequence consists of ordered function names.

For metrics that require matching against a sin-
gle reference, S* denotes the best-matched gold
function-name sequence selected from G by maxi-
mizing exact sequence accuracy and then function-
name F1.

For SR evaluation, the associated function ar-
guments are additionally considered by the LLM
judge.

Following ProactiveMobile, the calculation for-
mulas for Type-Acc, SR, and FTR are shown in
Eq. (29), Eq. (30), and Eq. (31), respectively.

Type-Acc = %‘ ZieDH[HS* €g,S= S*} , (29)
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Threshold Accuracy Recall

Specificity

Precision F1 Intent Top-5 Acc

0.59+0.24 8799+0.78 90.16£0.11

83.81+£2.45 91.49+1.17 90.82+£0.53

87.95 £ 3.48

Table 9: Performance analysis of MPP under different random seeds.

where |D| denotes the number of test instances,
G denotes the set of valid gold function-name se-
quences, and I[-] is the indicator function that re-
turns 1 if the condition is satisfied and O otherwise.

SR = b Ciep 135" € G, § =pune ¥°], (30)

where y* denotes the ground-truth response cor-
responding to S*, and =g, denotes functional
equivalence judged by the evaluation protocol.

Following ProactiveMobile, we employ Gemini-
2.5-Pro as the LLM judge to evaluate functional
equivalence (Comanici et al., 2025). Specifically,
when the predicted output ¢ and a ground-truth
response y* are functionally equivalent, i.e., the se-
lected functions and their corresponding arguments
are semantically consistent, the SR score of this
instance is assigned as 1; otherwise, the SR score
is 0.

Sienl[G =015 #0]
ZieD I [g = (Z)] ’

FTR = (3D

where G = () denotes that the current instance
does not require proactive recommendation, while
S # () indicates that the model incorrectly triggers
a recommendation.

B.4 Detailed Results Analysis of Three
Difficulty Levels

Following the difficulty division method of the
ProactiveMobile dataset, we divide the dataset into
three difficulty levels: L1, L2, and L3.

* Level 1 (Easy): Correctly solved by 4-5 out of
5 reference models.

* Level 2 (Medium): Correctly solved by 2-3 out
of 5 reference models.

* Level 3 (Hard): Correctly solved by 0-1 out of
5 reference models.

The results of PRPF and all baseline models
are shown in Table 10, which also provides more
detailed insights:

1. PRPF maintains stable advantages across
different difficulty levels. As the task difficulty
increases from L1 to L3, PRPF achieves ALL SR
of 66.31%, 50.45%, and 30.02%, respectively, all
outperforming all baselines. In particular, PRPF
still maintains a clear lead on L2 and L3, indicat-
ing that the gains of the model do not come from
overfitting to easy samples, but are also effective in
medium- and high-difficulty proactive recommen-
dation scenarios.

2. PRPF can generate higher-quality function
sets. Averaged across the reported difficulty lev-
els and modalities, PRPF achieves the highest F1
and Precision, while its Recall ranks second among
all baselines. This indicates that the improvement
of PRPF does not only come from the increase of
a small number of exactly matched samples, but
also from the overall improvement in the selec-
tion quality of function sets, enabling the model to
more accurately cover the key functions required
by users’ latent needs.

3. PRPF demonstrates strong cross-modal appli-
cability. Across different difficulty levels, PRPF
achieves higher ALL SR than the strongest base-
line, Qwen3.5-9B+Proactive, in both text and mul-
timodal settings. In the text setting, PRPF improves
ALL SR from 54.32% to 65.15% compared with
Qwen3.5-9B+Proactive, while reducing FTR from
10.63% to 1.75%. In the multimodal setting, PRPF
also improves SR from 14.85% to 17.19%. These
results indicate that PRPF provides stable proac-
tive perception and content generation capabilities
under both text and multimodal conditions.

4. Multimodal tasks remain a bottleneck.
Although PRPF achieves an SR of 17.19%
on multimodal tasks, outperforming Qwen3.5-
9B+Proactive, the absolute SR remains low. Even
GPT-5.5, which performs best on multimodal tasks,
achieves an SR of only 18.40%. This further
demonstrates the challenge of the ProactiveMobile
task and indicates that stronger interface under-
standing capability is still required in the future to
achieve a breakthrough in this domain.
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Difficulty Model Multimodal Text ALL
Type-Acct SRT FTR| F11 PT Rt Type-Acet SRT FTR| F11t P1 Rt Type-Acet SRt FTR| F1t Pt R?T
GPT-5.5 52.54  22.03 57.14 61.72 63.14 62.15 83.78 81.08 7.76 87.65 88.22 87.90 74.01  62.60 13.36 79.53 80.37 79.84
03 53.39  22.88 74.07 60.03 61.44 59.75  80.70  76.45 14.16 82.05 82.63 81.79  72.15  59.68 20.73 75.16 76.00 74.89
Gemini-3.1-Pro 3644 1441 93.33 47.85 48.02 49.58  58.69  55.60 38.21 63.35 63.45 64.03 51.72  42.71 41.85 58.50 58.62 59.51
Claude-Opus-4.7 4831  23.73 76.00 63.05 63.14 65.11  86.87 82.24 8.15 88.10 88.61 87.97 74.80 63.93 15.04 80.26 80.64 80.81
GLM-4.6V 50.85  23.73 91.30 63.14 64.41 63.84 43.63  37.84 58.57 45.61 46.08 45.62 45.89  33.42 61.80 51.10 51.81 51.33
Kimi-K2.5 3220  13.56 40.63 49.69 47.02 59.61 6795  64.87 24.54 70.21 69.88 71.24  56.76  48.81 26.61 63.78 62.73 67.60
L1 MiMo-V2.5 50.85  13.56 48.28 62.54 62.01 65.40 59.46  57.53 32.55 63.26 62.77 65.19  56.76  43.77 34.44 63.03 62.53 65.25
TongUI-7B 1.70 0.00 0.00 1.70 1.70 1.70 8.11 8.11 3226 8.11 8.11 8.1 6.10 5.57 3030 6.10 6.10 6.10
UI-TARS-7B-DPO+Proactive ~ 36.44 6.78 75.00 43.08 44.92 4223  21.24  18.92 53.85 22.27 22.78 22.01 = 26.00  15.12 57.66 28.78 29.71 28.34
Qwen3.5-9B 14.41 5.09 54.55 17.94 18.08 18.64 5.41 4.63 8649 698 7.14 6.89 8.22 4.78 82.35 10.41 10.57 10.57
ProactiveMobile (7B) 3220  10.17 42.31 38.84 40.25 38.56 8224  37.07 6.82 83.45 83.46 83.59 66.58  28.65 10.57 69.49 69.94 69.50
Qwen3.5-9B+Proactive 38.98 5.09 21.62 42.09 4322 41.53  86.87 84.17 3.65 87.65 87.65 87.65 71.88 59.42 6.25 73.39 73.74 73.21
PRPF (Ours) 4322 13.56 32.26 50.00 50.85 50.00 92.28 90.35 0.90 93.31 93.44 93.44 76.92 66.31 4.74 79.75 80.11 79.84
GPT-5.5 4241  19.58 38.24 5591 55.85 58.62 64.14 5851 20.33 71.89 72.81 72.17  54.08  40.48 24.27 64.49 64.96 65.89
o3 41.60  19.09 54.76 53.93 55.49 5430 58.09 51.06 31.26 64.28 65.68 63.98 5045  36.25 36.26 59.48 60.96 59.49
Gemini-3.1-Pro 21.04  10.28 81.25 39.64 37.65 4573  34.60  28.27 62.28 47.10 47.29 4935 2832  19.94 64.88 43.64 42.83 47.68
Claude-Opus-4.7 37.36 1599 54.47 56.26 55.61 61.26  64.14 5837 19.20 71.20 72.15 71.53  51.74  38.75 26.47 64.29 64.50 66.77
GLM-4.6V 4095  12.07 83.67 53.61 55.74 53.59  29.26  21.10 70.75 37.89 39.80 37.94  34.67 16.92 73.29 45.17 47.18 45.19
Kimi-K2.5 22.35 7.34 36.03 41.67 37.81 52.72  47.26  44.30 32.20 55.78 54.91 59.12  35.73  27.19 33.10 49.25 46.99 56.16
L2 MiMo-V2.5 31.81  11.75 46.40 47.09 46.47 51.58 4529  42.05 38.85 54.75 54.02 57.56  39.05  28.02 40.48 51.20 50.53 54.79
TongUI-7B 1.96 0.49 20.00 1.96 1.96 1.96 11.81 11.81 13.40 11.81 11.81 11.81 7.25 6.57 1429 725 725 725
UI-TARS-7B-DPO+Proactive ~ 35.89 9.46 6491 4347 4535 42.74 1421  11.11 64.24 16.95 18.00 16.46 2425 1035 64.52 29.23 30.67 28.63
Qwen3.5-9B 8.81 2.94 70.73 13.82 13.72 14.76 9.28 7.17 75.42 11.90 12.34 11.98 9.06 5.21 7455 12.79 12.98 13.27
ProactiveMobile (7B) 3475  17.62 2378 43.39 44.13 44.02  69.06 3249 9.07 72.34 72.60 72.68  53.17  25.60 12.61 58.93 59.42 59.41
Qwen3.5-9B+Proactive 36.54  13.87 25.15 40.62 41.60 40.24  70.04  64.98 11.11 73.64 74.97 73.08 54.53  41.31 14.67 58.35 59.52 57.87
PRPF (Ours) 43.23 1746 19.64 50.24 51.33 50.27 81.72  78.90 1.10 86.69 87.20 87.04 63.90 50.45 5.48 69.81 70.59 70.02
GPT-5.5 37.88  17.35 29.14 51.06 52.98 51.54 3893  31.47 26.45 53.10 55.58 53.08  38.34  23.53 27.86 51.95 54.12 52.22
o3 37.06  15.62 33.00 49.74 52.20 49.64  36.83  29.49 29.70 52.03 5542 51.19 3696  21.70 31.46 50.74 53.61 50.32
Gemini-3.1-Pro 15.90 8.27 72.96 33.5532.88 37.78 2599  16.78 64.80 47.32 48.46 50.53 2032  12.00 68.45 39.58 39.70 43.37
Claude-Opus-4.7 3597 1490 33.13 51.82 51.35 55.27  39.74  30.54 27.10 57.32 59.55 58.50  37.62  21.75 30.41 54.23 54.94 56.68
GLM-4.6V 32.06 1026 69.14 4547 48.62 44.85 2646  14.10 68.47 43.86 47.27 43.77  29.61 11.95 68.83 44.77 48.03 44.38
Kimi-K2.5 26.25 9.99 26.35 41.00 38.44 48.93 2448  19.46 4043 44.21 4142 5220 2547  14.14 32.36 42.40 39.74 50.36
L3 MiMo-V2.5 30.25  11.35 35.87 42.24 42.83 4390 2777  21.35 37.66 45.86 45.34 50.14  29.16 1573 36.64 43.83 43.93 46.63
TongUI-7B 1.64 027 1429 1.64 1.64 1.64 513 490 20.00 5.14 5.13 525 3.17 230 1842 3.17 3.17 322
UI-TARS-7B-DPO+Proactive ~ 27.52 8.17 61.45 3592 39.03 34.60  12.01 6.18 7821 16.26 17.41 1581  20.73 730 65.29 27.31 29.56 26.37
Qwen3.5-9B 7.36 2.73 73.45 12.41 13.05 12.66 8.04 478 72.73 12.84 13.41 13.21 7.66 3.62 73.13 12.60 13.21 12.90
ProactiveMobile (7B) 33.24 15.08 22.63 39.79 40.77 40.21 39.04 17.37 8.75 44.50 45.28 44.85 35.78 16.08 16.08 41.85 42.74 42.24
Qwen3.5-9B+Proactive 41.24 1644 1526 4534 47.18 4448  42.54  36.48 14.74 5091 53.67 49.65 41.81 2522 15.03 47.78 50.03 46.75
PRPF (Ours) 39.24  17.44 16.10 44.87 46.13 44.69 51.87 46.15 3.20 60.47 62.26 60.51 44.77  30.02 9.68 51.70 53.19 51.62
GPT-5.5 40.34  18.40 33.48 53.37 54.59 54.59  55.09  49.02 19.24 65.30 66.90 65.44  47.71  33.69 23.84 59.33 60.74 60.01
03 39.63  17.25 41.45 51.80 53.89 51.85 51.31  44.53 26.89 61.05 63.27 60.50 45.46  30.87 31.61 56.42 58.58 56.17
Gemini-3.1-Pro 18.94 9.33 7647 36.51 35454120 3397  26.75 56.60 49.51 50.13 51.99 2645 18.03 61.11 43.00 42.78 46.59
Claude-Opus-4.7 37.23  15.83 41.03 54.03 53.53 57.91 5591  48.69 18.81 67.08 68.57 67.74 46.56  32.24 26.11 60.55 61.04 62.82
GLM-4.6V 3625 11.74 7445 49.33 52.02 49.00 2998  20.19 67.04 41.79 4420 41.77  33.12  15.96 69.33 45.56 48.11 45.39
Kimi-K2.5 25.33 9.33 30.02 41.78 38.78 50.88  39.50  35.56 32.51 52.39 50.70 57.59 3240 2243 31.64 47.08 44.73 54.23
Avg MiMo-V2.5 32,10 11.63 39.45 45.17 45.28 47.85  39.08  34.54 37.06 51.79 51.19 55.16 ~ 35.58  23.07 37.87 48.48 48.23 51.50
TongUI-7B 1.75 033 1579 1.75 1.75 1.75 8.15 8.04 1858 8.16 8.15 821 4.95 418 18.10 495 495 497
UI-TARS-7B-DPO+Proactive ~ 30.90 8.52 63.13 3891 41.52 37.81  14.17 9.90 64.67 17.38 18.40 16.94 2254 921 63.84 28.15 29.97 27.39
Qwen3.5-9B 8.30 295 71.52 13.24 13.60 13.75 8.15 5.69 77.13 11.65 12.11 11.83 8.22 432 7530 12.44 12.85 12.79
ProactiveMobile (7B) 33.68 15.61 23.91 40.93 41.86 41.38  56.84  26.04 8.51 60.84 61.32 61.16 4525 20.82 13.76 50.88 51.58 51.26
Qwen3.5-9B+Proactive 39.52  14.85 18.54 43.55 45.06 42.87  59.52  54.32 10.63 64.96 66.77 64.15  49.51  34.56 13.49 54.24 55.90 53.50
PRPF (Ours) 40.83  17.19 17.99 47.00 48.17 46.90  69.20  65.15 1.75 75.32 76.38 7549  55.00 41.15 7.21 61.14 62.26 61.18

Table 10: Detailed performance comparison using granular, set-based metrics on the ProactiveMobile test set. We
report function-name sequence accuracy (Type-Acct), success rate (SRT), false trigger rate (FTRJ), F11, Precision
(P1), and Recall (RT) across different difficulties and modalities. Best results are in bold, and second-best results

are underlined. All scores are reported in percentage (%).

32889



B.5 Efficiency Benchmark Details

This appendix details the evaluation protocol for
the efficiency analysis in Section 4.5. All reported
values are computed on the ProactiveMobile test
split and aggregated per test sample after applying
the routing policy of each configuration.

Compute Estimation. For each PAR invocation,
we estimate FLOPs from the actual prompt and gen-
eration lengths observed during inference. Let 7T},
denote the prompt length, T}, the generated length,
N, the number of model parameters, and L and d
the number of transformer layers and hidden size.
The PAR FLOPs are estimated as

Fpar = 2N, (T + Ty) + ALAT, (T, + Ty), (32)

where the first term approximates parameter-
dominated dense computation, while the second
term accounts for the attention cost induced by
long multimodal prompts.

MPP is measured as an end-to-end front-end,
including text encoding, image encoding, and the
slow—fast multimodal fusion network. Its measured
per-sample cost is 23.58 GFLOPs, 14.16 ms la-
tency, and 1.51 GB peak memory. Let  denote the
empirical fraction of test samples routed from MPP
to PAR:

 Nuig=1 2,340

= = 0.639.
N 3,660

r (33)
Aggregation Across the Test Set. Compute and
latency are reported as per-sample averages after
applying each system’s routing policy. The single-
stage baseline invokes the proactive VLM on every
sample with the full function pool. The w/o Com-
pression variant keeps the MPP intervention gate
but passes the full function pool to PAR, so PAR is
invoked only on the r fraction accepted by the gate.
The w/o Recommend variant disables the interven-
tion shortcut but keeps MPP’s candidate-function
filtering, so PAR is invoked on every sample with
the candidate function pool. Full PRPF combines
both mechanisms: the intervention gate skips no-
intervention observations, and candidate-function
filtering reduces the function pool for accepted con-
texts.

Memory and Latency Measurement. Peak
memory is reported as the maximum active stage
because MPP and PAR are invoked sequentially:
for the single-stage baseline ProactiveMobile (7B),
M = Mpar; for the PRPF variants, M =

Method Compute Latency
ProactiveMobile (7B) 5NN THak

Full PRPF Fupp+rFeay’ Tvpp+rTpag”
w/o Compression Fupp+rEFRy  Tupp+rTiy
w/o Recommend Pupp+Fpa " Tvpp+TEaR"

Table 11: Aggregation rules for per-sample compute
and latency in the efficiency benchmark.

max(Myipp, Mpar). This convention reflects the
deployed cascade in which the lightweight pre-
reasoning stage and the heavy PAR stage are not
treated as one simultaneous forward pass. A con-
servative co-resident upper bound can be obtained
by summing the two stage memories, but the main
efficiency table reports the sequential peak.
Latency is measured with the same batched infer-
ence path used by the evaluation pipeline. For each
configuration, PAR latency is the total wall-clock
inference time divided by the number of samples
that enter PAR; for observations rejected by the
intervention gate, the latency aggregation includes
the measured MPP cost and no PAR forward pass.

C Failure Case Analysis

This appendix provides the failure analysis refer-
enced in Section 4.7 and complements the mul-
timodal limitation discussed in Limitations. All
numbers reported here are computed on the Proac-
tiveMobile test set (N = 3,660) and correspond to
the PRPF row of Table 1: ALL Type-Acc = 55.00,
SR = 41.15, FTR = 7.21. The analysis is con-
ducted on the same predictions, so the aggregate
numbers in this section can be reconciled with the
main table by composition.

C.1 Error Categorisation

We use the trigger gate output g € {0,1} from
MPP, the predicted function-name sequence S from
PAR, and the best-matched gold sequence S* de-
fined in Appendix A.4. A prediction is counted as
a Type-Acc error when S is not order- and length-
equal to S*. Errors are partitioned into four mutu-
ally exclusive categories:

* Non-empty mismatch: |§ | > 0and S £ 5*.

« Post-gate abstention: ¢ = 1 and |5| = 0 while
|S*| > 0. PAR was invoked but the policy de-
clined to recommend.

* Gate misfire: g = 0 while the best-matched gold
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Category Count % of Errors

Non-empty mismatch 751 45.6
Post-gate abstention 689 41.8
Gate misfire 200 12.1
Parse failure 7 0.4
Total Type-Acc errors 1,647 100.0

Table 12: Error categorisation for PRPF on the Proac-
tiveMobile test set. Parse failures are reported as orphan
items because they fall outside the four well-formed
prediction quadrants.

Sub-pattern Count %0
Off-scenario (S N S* = 0) 305 40.6
Spurious (S* = 0, S # 0) 124 165
Missed steps (S C S™) 154 205
Extra steps (S* C 5) 80 10.7
Reordering (same set, wrong order) 56 7.5
Partial overlap 32 4.3
Total 751 100.0

Table 13: Sub-patterns of non-empty mismatch errors.
The dominant failure mode is off-scenario misrouting,
not argument-level error.

intent requires recommendation. PAR is never
invoked, so no recovery is possible.

« Parse failure: S cannot be parsed back into a
function-call sequence.

The non-empty mismatch bucket can be further
decomposed by comparing the predicted set against
the best-matched gold set (Table 13). Off-scenario
mismatch dominates (40.6% of non-empty mis-
matches): PAR returns a syntactically valid call
sequence whose function names share no over-
lap with S*, indicating that the failure is at the
intent-selection level rather than the argument-
filling level.

C.2  Where Errors Concentrate: Modality
and Gating Path

To localize the bottleneck, we cross-tabulate Type-
Acc by modality (TEXT vs Multimodal) and gate
decision (g=0 silenced vs g=1 routed to PAR),
shown in Table 14.

Two observations matter for the multimodal-
bottleneck argument. First, the g=0 silenced path
is concentrated on TEXT (93.6% of silenced sam-
ples are TEXT), where the trigger decision is com-
paratively easy and acc reaches 0.866. The high
overall TEXT accuracy reported in the main table
is largely attributable to this silence dividend rather

g=0 (Silenced) g=1 (Routed To PAR)

Modality

n  Type-Acc n Type-Acc
TEXT 1,235  0.866 593 0.329
Multimodal 85 0.588 1,747 0.400

Table 14: Type-Acc cross-tabulated by modality and gat-
ing path. Most TEXT samples (1,235/1,828 = 67.6%)
are silenced by the gate at high accuracy. The bottleneck
shifts to PAR once a sample is routed: g=1 accuracy is
below 0.41 for both modalities.

than to stronger TEXT recommendation by PAR.
Second, on the g=1 path TEXT accuracy (0.329)
is in fact lower than Multimodal accuracy (0.400):
the easy TEXT cases have already been gated out,
and what remains for PAR is the harder TEXT
residual. This indicates that further gains require
improving PAR’s reasoning on the routed subset,
not pushing the gate to filter more aggressively.

C.3 Intent-Scenario-Level Concentration

The 14 high-level intent scenarios used by MPP
differ markedly in error profile. We group them into
three substantive clusters (Table 15); two scenes
with very small n (Logistics & Delivery, n = 54;
Smart Home, n = 10) are excluded from clustering
to avoid noise.

The off-scenario mismatch sub-pattern is highly
concentrated in Travel & Lodging (60), Shopping
(47), and Personal Management (44) together ac-
count for 151/305 = 49.5% of all off-scenario er-
rors, suggesting that the residual errors in these sce-
narios are disproportionately rooted in confusable
functions across closely related lifestyle scenes (e.g.
booking, ordering, ride-hailing) rather than in in-
terface understanding.

C.4 A Reference Multimodal Success Case

To complement the failure statistics above with
a concrete example of successful behavior, Ta-
ble 16 reproduces a single multimodal sample on
which PRPF achieves SR= 1 in a Financial Ser-
vices intent scenario—the behavior the system al-
ready exhibits when the gate routes correctly and
PAR’s <thinking> and <function_selection>
both align with the gold function. The table re-
produces the abridged benchmark inputs—user
profile U, device state D, world context W,
and trace H—together with PAR’s parsed struc-
tured output as <ui_summary> — <thinking> —
<recommendations>. The <thinking> block re-
produces both the free-form reasoning and the em-
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Cluster Representative Intent Scenario n Type-Acc Ar_um

1. Multimodal-hard Sports & Health, Entertainment & Media, Office 1,200 0.645 +0.41
Work, Social Communication

II. Domain-knowledge-hard Travel & Lodging, Food & Dining, Transportation 997 0.431 +0.18

III. Balanced Device & System Management, Shopping, 1,399 0.557 +0.24

Personal Management, Content Creation,

Financial Services

Table 15: Intent-scenario-level clusters with mean Type-Acc and mean TEXT—Multimodal gap Ar_ . Cluster I
is the largest absolute drag on overall accuracy and shows a small modality gap, indicating that even the TEXT
branch underperforms in these scenes. Cluster I has high overall accuracy but the largest modality gap, so further

gains specifically require stronger GUI grounding.

bedded <function_selection> sub-block. The
case is rendered as a single-column longtable in
Table 16. The original ProactiveMobile data is in
Chinese; we render all natural-language content in
English here for readability, with function names,
parameter keys, and structural tags preserved ver-
batim.

C.5 Implications

The category- and slice-level numbers above isolate
two complementary residual problems for PRPF.
(i) On the modality axis, g=1 Multimodal sam-
ples remain the dominant absolute error mass and
the multimodal limitation reported in the Limita-
tions section is quantitatively concentrated in Clus-
ter I, where TEXT accuracy already exceeds 0.80.
Closing this gap will mainly require stronger GUI
grounding inside PAR. (ii) On the intent-selection
axis, the off-scenario sub-patten indicates that
PAR’s failures in travel-/shopping-/management-
style intent scenarios are routing failures rather than
argument-level failures. This points to expanding
the function set seen during training and refining
the candidate-pool compression in MPP, rather than
further reward shaping at the GRPO stage.

D Prompts for LLM Agents

At inference time, the trained PAR model (Sec-
tion 3.4) consumes a single user-message prompt
template assembled by the eval-data builder: each
ProactiveMobile sample is rewritten into one turn
that bundles the per-sample context (U, D, W),
the MPP-predicted intent scenarios, and the MPP-
restricted function pool, and the resulting message
is wrapped with the standard Qwen-3 chat tem-
plate before being fed to vLLM. Only samples for
which the MPP trigger gate predicts g = 1 are
routed through this prompt; gate-silenced samples

are short-circuited to the empty-recommendation
output without a forward pass through PAR. The
sampler-side conversation is built with a fixed sys-
tem message "You are a helpful assistant.”
followed by a single user message that concatenates
a Chinese task header, an XML-tagged context bun-
dle, the MPP-predicted scenes, the available func-
tion pool, and a structured-output instruction tail;
for multimodal samples the leading <image> place-
holders are stripped from the textual content and
the corresponding screenshot files are attached as
image_url entries so that vLLLLM places the image
tokens at the same position relative to the textual
context as during SFT. A sample at the end of the
appendix documents the assembled prompt for the
multimodal branch; the original prompts are in
Chinese, and we render them in English here for
readability while preserving JSON keys, structural
tags, and function names verbatim.
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User Profile (U) A 35-year-old technology-industry professional with seven years of investing experience; holds
shares in Zoom, Apple, Tesla, Amazon, and other tech companies...

Device Status (D) Time 12:48; WiFi connected; battery sufficient. Multiple finance apps installed: Yahoo Finance,
Investing.com, Bloomberg, TradingView. Over the past three months the user has averaged 15+
daily opens of finance apps...

World Currently in market hours; NASDAQ +2.03%, S&P 500 +1.02%; market sentiment positive. Tech

Information (W)

sector broadly stronger; multiple cloud-computing and e-commerce stocks up...

Behavioral
Trajectories (H)

Frames 1-10: Yahoo Finance — search “Zoom” — Simply Wall St. article — Investing.com — Zoom Video (NASDAQ: ZM)
ticker page.

<ui_summary>

Page progression: from the home screen the user opens Yahoo Finance and checks “My List”
(containing AMZN, AAPL, TSLA), enters “Zoom” in the search bar, taps a Simply Wall St...

<thinking> The user is currently viewing the Zoom Video (NASDAQ: ZM) ticker page on Investing.com, with
price $62.00 (+1.57%). Earlier he searched Zoom on Yahoo Finance and read a Simply Wall St.
article on Scully Royalty Ltd., then switched platforms. This sequence indicates multi-platform
information gathering at the pre-decision stage...
<function_selection>
Candidate function pool. search_financial_info, create_financial_analysis_view,
create_portfolio, manage_budget_and_plans, bank_service_assistance, ...
Step-by-step reasoning.
* search_financial_info: supports search_target="analysis_articles”,
search_keywords="Zoom", location="US"; directly matches. Match.
e create_financial_analysis_view: builds a chart view, not a search. Excluded.
Selected function and parameters. search_financial_info with
search_target="analysis_articles"”, search_keywords="Zoom", location="US".
</function_selection>
</thinking>
<recommen- Instruction: “Recommend deep analysis articles or research reports on Zoom.”
dations> Function call (parsed):
{
"name” :
"search_financial_info",
"parameters”: {
"search_target":
"analysis_articles”,
"search_keywords": "Zoom",
"filter_criteria”: ""
"sort_order”: ""
"category”: "
"include_analysis": ""
"location": "US"
1
Outcome Type-Acc match; the LLM judge marks it as passing, SR= 1.

Table 16: Case study: Multimodal — Match. Scene: Financial Services. Sample id 40590079.

32893



Prompt Pips.gur: PAR Inference Prompt (Multimodal/GUI)

You are an intelligent assistant. Based on the user profile (profile), device status (phone), environ-
mental information (world), and screenshots, analyze the user’s current behavior and determine
whether a recommendation is needed.

User profile

Device status

Environmental information

predicted_scenes {List of predicted scene probabilities, different for each sample}
available_functions {List of available functions and parameter definitions, different for each
sample}

Please output in the following order:

ui_summary: Based on the screenshots, describe the current stage of the user interface, key
interaction areas, state changes, and the current stage of the workflow. Include key identifiable
entities in the screenshots, such as specific app names, page titles, contacts, file names, etc.
thinking: Conduct sufficient step-by-step reasoning covering the following aspects:

a) Behavior recognition: Describe what the user is doing based on the screenshots and extract key
entities such as app names, file names, contacts, page content, etc.;

b) Intent analysis: Combine the user profile (profile), device status (phone), and environmental
information (world) to analyze the user’s deeper intent and the current task stage (just started, in
progress, completed);

c) Need assessment: Determine whether the user currently has any unmet needs or whether there
is an optimizable next step. If the task has been completed and there is no obvious follow-up need,
clearly conclude that no recommendation is needed;

d) If a recommendation is needed, explain what to recommend, why it should be recommended at
this moment rather than letting the user complete it themselves, and the key parameter information
required for the recommendation, such as target app, operation object, recipient, etc.
recommendations: Based on the selected functions and parameters in function_selection, generate
the final function call(s), which may include 0, 1, or multiple functions. The function names
and parameter values should be consistent with the reasoning conclusion in function_selection,
in the following format: ["instruction": "Recommendation instruction”, "function": ["name":
"FunctionNamel", "parameters”: ..., "name": "FunctionName2", "parameters": ...]]

If there is no recommendation, function_selection is not needed in thinking; directly output: No
recommendation
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