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Abstract

Scaling generalist GUI agents is hindered by
the high cost of human demonstrations and re-
liance on ungrounded synthetic teacher super-
vision. To transcend these limitations, we pro-
pose UI-OCEANUS, a framework that shifts
the learning focus from mimicking high-level
trajectories to learning interaction dynamics
from executed transitions. Through a system-
atic investigation of self-supervised objectives,
we identify that forward dynamics, defined as
the generative prediction of future interface
states, acts as the primary driver for scala-
bility and outperforms inverse and backward
objectives. UI-OCEANUS leverages this in-
sight by converting low-cost autonomous explo-
ration into high-density generative supervision
to learn a semantic transition world model from
executed transitions. Experimental evaluations
across a series of models demonstrate consis-
tent gains from our framework: models using
Continual Pre-Training (CPT) on synthetic dy-
namics outperform non-CPT baselines by 7%
on average in EM on the offline benchmark, in-
creasing to an average relative improvement of
16.8% in success rate during real-world online
navigation. Furthermore, we observe that navi-
gation performance scales with synthetic data
volume. These results suggest that grounding
agents in forward predictive modeling offers a
promising pathway to scalable GUI automation
with cross-domain adaptability and composi-
tional generalization.

*Corresponding Authors
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Figure 1: Generalist GUI Agents via Scalable Transi-
tion World Model Learning. (Top) We first establish
a transition-aware representation by learning a forward
dynamics objective. (Bottom) We then leverage this
learned GUI transition world model to instantiate a gen-
eralist GUI agent through agentic post-training.

1 Introduction

Generalist GUI agents (Qin et al., 2025; Wang et al.,
2025a; Wu et al., 2024b; Xu et al., 2025b; Hong
et al., 2024; Ran et al., 2025a) traditionally rely
on Behavioral Cloning (BC) (Torabi et al., 2018;
Rawles et al., 2023; Zhang et al., 2024; Lu et al.,
2025; Chen et al., 2025) to map visual observations
to actions. However, acquiring trajectory-level data
is prohibitively expensive. Unlike static image-text
pairs, valid execution traces require long-horizon
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Figure 2: Overview of the Proposed UI-OCEANUS Framework. UI-OCEANUS consists of four sequential stages:
(1) Scalable Acquisition; (2) Multi-Step Data Filtering Pipeline; (3) Grounded Instruction Generation; and (4)

Training Implementation.

sequences where a single error can invalidate the
entire trajectory. This sensitivity makes synthesiz-
ing reliable data difficult and necessitates labor-
intensive human annotation (Zhang et al., 2025b;
Rawles et al., 2023; Lu et al., 2025; Li et al., 2024),
creating a major bottleneck for data scalability.

Existing methods (Tang et al., 2025; Wu et al.,
2024b) seek to alleviate this bottleneck through
distillation-based Continual Pre-Training (CPT)
with static UI objectives such as captioning (Li
et al., 2020) and grounding (Cheng et al., 2024),
but such objectives provide limited supervision for
learning interaction dynamics. Critically, these
methods remain constrained by their reliance on
ungrounded teacher supervision (Gou et al., 2021):
they enhance an agent’s static semantic understand-
ing but fail to capture the temporal dynamics of the
environment. For instance, an agent might cor-
rectly identify a “submit” button (semantics) but
stubbornly assume that clicking it leads to submis-
sion, failing to anticipate that an incomplete form
will actually trigger a validation error (dynamics).
Lacking such grounded interaction dynamics, these
agents remain bound by static semantic priors, un-
able to adapt when dynamic environmental states
contradict their shallow heuristics. Therefore, there
is a pressing need for a scalable CPT objective
that derives supervision directly from autonomous
environmental feedback.

To address these limitations, we propose UI-
OCEANUS, a self-supervised training framework

designed to equip agents with a GUI transition
world model (Figure 1). The core insight in UI-
OCEANUS is that the underlying set of atomic
transitions (i.e., single-step observation-action-
outcome tuples) in the GUI environment is both
relatively finite and inherently self-supervised, pro-
viding a natural task-agnostic scaling dimension
for CPT. The finite nature ensures that the environ-
mental dynamics can be efficiently explored with-
out an expert policy model or explicit task goal to
reach high coverage. The self-supervised nature en-
ables the environment to act as an execution-based
verifier where the observed transition following
the action serves as the observed outcome of an
executed action. Both features enable agents to
use task-agnostic exploration heuristics (Ran et al.,
2024, 2023; Gu et al., 2019; Google, 2021; Su et al.,
2017) to efficiently harvest vast quantities of these
atomic transitions. Crucially, these atomic transi-
tions ground the learning process in the interaction
dynamics of the interface before post-training. This
separation effectively decouples the acquisition of
interaction dynamics from the execution of user in-
tent: the agent learns “what is possible” (dynamics)
from massive data before learning “what is desir-
able” (intent) from scarce expert demonstrations.

Building on this insight, we develop a scal-
able training pipeline that converts low-cost au-
tonomous exploration into dense forward-dynamics
supervision and incorporates this supervision into
a two-stage model-training process. We investi-
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gate the spectrum of environmental dynamics and
find that forward dynamics, defined as the gener-
ative prediction of future interface states, serves
as the key objective enabling performance scaling
with data volume, outperforming inverse dynam-
ics and backward dynamics. Consequently, UI-
OCEANUS prioritizes forward dynamics prediction
as the generative objective (Ha and Schmidhuber,
2018; Hafner et al., 2020). Technically, we capture
raw interaction traces, isolate unique and meaning-
ful atomic transitions via strict hash-based filtering
and semantic filtering, and use a Vision-Language
Model (VLM) to synthesize precise descriptions of
environmental changes. Finally, we implement a
two-stage training strategy: the model is first con-
tinually pre-trained on a mixture of GUI dynamics,
grounding, and general data to learn a semantic
transition world model, and then specialized via
agentic post-training to align this transition-aware
prior with complex instruction following.

We conduct extensive empirical evaluations
within the WeChat mini-program ecosystem (Ten-
cent, 2024), one of the world’s largest and most di-
verse digital platforms. Hosting millions of distinct
mini-programs for over a billion monthly active
users (MAUEs), this ecosystem presents a virtually
infinite space of interaction logic and visual lay-
outs, demanding that agents capture transferable
Ul transition patterns rather than memorize specific
application interfaces. Notably, UI-OCEANUS
demonstrates consistent scalability on the WeChat
mini-program offline benchmark, achieving an av-
erage relative EM improvement of 7% across seven
different VLM backbones compared with strong
baselines using identical Supervised Fine-Tuning.
Crucially, these benefits are amplified in online
navigation: UI-OCEANUS boosts the real-world
success rate by 21.9% during the cold-start phase
and maintains an average 15% lead even after both
step-level and multi-step GRPO (Shao et al., 2024)
alignment. Furthermore, our experiments yield
three critical insights: (1) Data scaling: Across all
seven Qwen-VL models, performance is the high-
est at the 100% CPT scale, showing an overall pos-
itive data-scaling trend with no observed saturation
within the evaluated data range. (2) Mechanism:
Forward dynamics is more effective than inverse
dynamics, as its higher predictive difficulty encour-
ages the model to learn stronger semantic visual
representations. (3) Generalization: The learned
GUI transition world model captures transferable
UI transition patterns effectively, enabling general-

ization to unseen mini-programs and Android en-
vironments, as well as compositional reasoning on
complex multi-step tasks never seen during train-
ing.

Our main contributions are as follows:

* We pioneer a shift in GUI agent learning by
separating the acquisition of atomic interac-
tion dynamics from high-level instruction fol-
lowing. To the best of our knowledge, our
work is the first to systematically scale envi-
ronment dynamics as a self-supervised CPT
objective for GUI agents, bypassing the data
scalability limitations of trajectory-based be-
havioral cloning.

* We propose UI-OCEANUS, a scalable frame-
work designed to mine training supervision
directly from observed environmental transi-
tions.

* We conduct extensive evaluations validating
the performance scaling of UI-OCEANUS.
Our results demonstrate generalization across
both domains and horizons.

2 Background and Related Work

Generalist GUI agents autonomously execute user
instructions by interacting with GUISs, thereby im-
proving user productivity in daily tasks (Wang
et al., 2024). Built on pretrained VLMs, gener-
alist GUI agents are post-trained using Behavioral
Cloning (BC) (Wu et al., 2024b; Lin et al., 2025a;
Lu et al., 2025; Chen et al., 2025) or multi-step
Reinforcement Learning (RL) (Ye et al., 2025; Xu
et al., 2025a; Wang et al., 2025a). However, post-
training methods struggle under the capability ceil-
ing of the base model (Zhang et al., 2025a; Yue
et al., 2025), underscoring the necessity of Contin-
ual Pre-Training (CPT) prior to policy alignment.
A fundamental challenge for CPT is the data scal-
ability bottleneck: collecting high-quality human
demonstrations is prohibitively expensive. To by-
pass this challenge, existing research mainly uses
two types of CPT tasks: (1) static Ul-understanding
tasks, such as element grounding or screen caption-
ing (Tang et al., 2025; Wu et al., 2024b, 2025),
which require powerful foundation models to la-
bel GUI screenshots and lack grounding in real
execution; and (2) dynamic interaction with en-
vironments under instructions (Lin et al., 2025b;
Sun et al., 2025; Ramrakhya et al., 2025; Pahuja
et al., 2025; Cao et al., 2026), which notoriously
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yields few high-quality long-horizon samples. UI-
OCEANUS introduces a new CPT task: learning
the forward dynamics of atomic transitions. This
dynamic learning task enables UI-OCEANUS to
reduce reliance on ungrounded teacher supervision
while avoiding the fragility of long-horizon trajec-
tory synthesis.

Conceptualizing the GUI as a dynamic system
aligns with the broader literature on world mod-
els. In the specific GUI domain, prior work has
explored this direction through visual state predic-
tion (Luo et al., 2025; Wang et al., 2025b) and
action prediction from state changes (Gao et al.,
2026). Unlike Early Experience (Zhang et al.,
2025c), which branches from expert-trajectory
states, UI-OCEANUS autonomously collects task-
agnostic transitions without expert demonstrations
or task goals and systematically compares three
dynamics objectives. However, the field still lacks
a scalable, task-agnostic CPT objective for learning
broad transition patterns. We distinguish our work
by leveraging autonomous exploration and intrin-
sic environmental feedback to learn a GUI transi-
tion world model via CPT, establishing a transition-
aware representation before agentic post-training.

See Appendix B for further discussion.

3 The UI-OCEANUS Framework

To instantiate the transition formulation defined in
Appendix A, we introduce UI-OCEANUS, a uni-
fied framework for learning GUI dynamics from
large-scale autonomous interaction. As illustrated
in Figure 2, UI-OCEANUS consists of the follow-
ing four sequential stages.

3.1 Scalable Acquisition via Autonomous
Exploration

We autonomously explore the WeChat mini-
program ecosystem to harvest open-domain tran-
sitions. Using a distributed fleet of 50 nodes, we
use a structured random walk policy: agents in-
teract with Ul elements identified via accessibility
trees without human intervention. For each step ¢,
we record the transition tuple (s¢, at, S¢+1), where
st = (I, X;) denotes the screenshot and structural
metadata. This process yields over 20.8M raw tran-
sitions over one month.

3.2 Multi-Step Data Filtering Pipeline

We refine Dy into a high-quality corpus Dy via
a three-stage pipeline, with implementation details

and filtering analysis provided in Appendix D. (1)
Structural Deduplication: MinHash signatures
on accessibility trees remove repeated content tem-
plates, reducing data to 8.2M. (2) Visual Dedupli-
cation: Pixel-level pHash/dHash methods identify
visually static transitions, narrowing the corpus
to 4.3M. (3) Semantic Filtering: A VLM filters
system errors and rendering artifacts by verifying
action-feedback consistency, resulting in a final set
of 3.4M transitions.

3.3 Grounded Instruction Generation

For each filtered transition, we use a VLM inter-
preter (Qwen3-VL-235B-A22B-Instruct (Bai et al.,
2025a)) to verbalize the observed pre-state, exe-
cuted action, and post-state. Importantly, the in-
terpreter does not synthesize the transition itself:
both screenshots come from actual system execu-
tion. The resulting supervision trains the model to
predict a textual description of the next UI state
given the current screen and action. Appendix G
analyzes the sensitivity of this interpreter stage to
teacher model scale.

By generating instructions directly grounded in
actual environmental state transitions, this stage
produces large-scale, reliable, and high-fidelity
data for CPT.

3.4 Training Implementation
3.4.1 Continual Pre-Training

Using the curated dataset D¢, and generated
grounded instructions, we construct a unified train-
ing corpus designed to facilitate the model’s under-
standing of GUI dynamics.

We define three distinct categories of training
tasks to comprehensively capture GUI dynamics:

Forward Dynamics: Given the screenshot of
an initial state and an action (either as an exact
action or a natural-language summary), the model
predicts the resulting GUI state description. Input:
V= [I,a;) or V = [Ii, wy]; Target: y = Dy41.

Inverse Dynamics: Given screenshots of the
initial and resulting states, the model predicts the
action connecting them. Input: V = [Ij, I;11];
Target: y = us ory = ag.

Backward Dynamics: Given the screenshot of
a resulting state and an action summary, the model
predicts a description of the initial GUI state. Input:
V = [uyg, [141]; Target: y = Dy.

Data Mixing. We construct the final training
set Dpix by strategically combining three distinct
data sources: (1) GUI dynamics (70%): Informed
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Table 1: Data and Model Scaling Results of UI-OCEANUS. Evaluation of Exact Match (EM) scores on the
held-out offline benchmark. UI-OCEANUS achieves consistent performance gains across all seven Qwen-VL

models.

Reference

UI-OCEANUS Data Scale (+ SFT)

Model

Size Base (Zero-shot) w/ grounding 0% (SFT) 12.5% 25% 50% 100% (Ours)

1. Qwen3-VL Series with UI-OCEANUS

Qwen3-VL 2B 24 36.5 479 494 513 51.7 52.7
Qwen3-VL 4B 41.7 52.0 573 583 59.0 593 60.0
Qwen3-VL 8B 423 54.9 58.1 58.0 59.6 60.4 60.8
Qwen3-VL  32B 47.1 61.2 61.5 61.0 63.7 62.5 65.0
I1. Qwen2.5-VL Series with ULI-OCEANUS

Qwen2.5-VL 3B 1.1 279 47.7 49.2 485 49.6 50.6
Qwen2.5-VL 7B 13.0 37.8 51.0 535 533 534 55.7
Qwen2.5-VL 32B 33.9 56.5 60.5 61.6 63.2 64.2 64.8

by our ablation study (Section 4.3), we exclusively
use forward dynamics (I3, a; — D;41) as the se-
mantic transition-modeling objective; (2) General
multimodal data (20%), which acts as a regular-
izer against catastrophic forgetting during GUI-
specialized CPT; and (3) UI grounding data (10%).
Appendix I reports evaluations on 11 public multi-
modal and reasoning benchmarks, showing largely
preserved general capabilities with mild trade-offs
on several tasks. We detail the specific training
hyperparameters in Appendix H.1.

3.4.2 Agentic Post-Training

Following the CPT phase, we conduct an agen-
tic post-training stage. In this phase, the model
is fine-tuned on high-quality GUI agent trajecto-
ries to explicitly align the GUI transition world
model with user intent, bridging the gap between
transition-aware representations and task execution.
We detail the specific training hyperparameters in
Appendix H.2.

4 Experiments

In this section, we systematically evaluate the UlI-
OCEANUS framework. Our evaluation is struc-
tured to answer four critical questions: (1) Scal-
ability. Can autonomous exploration serve as a
scalable data source that yields consistent perfor-
mance gains? (Section 4.1) (2) Online efficacy.
Does the learned GUI transition world model trans-
late effectively to real-world online navigation and
act as a persistent prior that synergizes with agen-

tic post-training? (Section 4.2) (3) Mechanism.
Which self-supervised objective yields the most
significant performance gains for downstream GUI
navigation? (Section 4.3) (4) Transfer and gener-
alization. Does the learned GUI transition world
model transfer beyond the WeChat ecosystem and
support compositional transition prediction? (Sec-
tion 4.4)

4.1 Data and Model Scaling of UI-OCEANUS

A central premise of our framework is that au-
tonomous environmental feedback can overcome
the data scarcity bottleneck. We first investigate
the scaling properties of UI-OCEANUS.

4.1.1 Setup

Training Configurations. During the CPT phase,
we use the data mixture detailed in Section 3.4,
totaling approximately SM samples (3.2B tokens).
For the subsequent agentic post-training phase, we
use 8K high-quality GUI navigation samples. To
study data scaling, we vary the volume of CPT data
injected from 0% to 100%.

Evaluation Protocol. To support large-scale
experiments, we evaluate performance on a held-
out offline benchmark comprising 8K diverse mini-
program tasks not seen during training, comple-
menting prior public and industrial mobile UI navi-
gation evaluations (Rawles et al., 2025; Ran et al.,
2025b). Detailed dataset statistics are provided in
Appendix J.1. Following prior work (Wu et al.,
2024b; Zhang et al., 2024; Li et al., 2024), we re-
port Exact Match (EM), which requires both the
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Figure 3: Data and Model Scaling Behavior of UI-
OCEANUS on the Qwen3-VL Series.

action type and its parameters to be correct. We
assess performance across Qwen3-VL (Bai et al.,
2025a) (2B, 4B, 8B, 32B) and Qwen2.5-VL (Bai
et al., 2025b) (3B, 7B, 32B) families. We compare
our method against two distinct baselines. (1) Base
Models: We evaluate raw base models in a zero-
shot setting. To decouple planning from grounding,
we also report a “w/ grounding” setting, where
an external specialized grounding model based on
Qwen2.5-VL-32B maps natural-language action
descriptions to executable actions; (2) SFT-only
Baselines: Models fine-tuned solely on the post-
training data without any dynamics CPT (denoted
as 0% data scale).

4.1.2 Results

As presented in Table 1 and visualized in Figure 3,
our empirical findings validate scaling trends for
GUI transition world models across both data and
model dimensions.

Data Scaling. We observe a consistent positive
correlation between the volume of CPT dynamics
data and downstream performance. Starting from
the standard SFT baseline (0% data scale), adding
our dynamics data yields consistent improvements
across all model sizes, confirming that autonomous
exploration serves as a scalable data source.

Model Scaling. UI-OCEANUS demonstrates
consistent scalability with model size. The perfor-
mance gains over the SFT baseline remain consis-
tent across all scales. This result indicates that the
learned interaction dynamics provide transferable
transition-aware representations whose benefits do
not diminish as model size grows.

Scaling at the Largest Evaluated Data Scale.
Across all seven Qwen-VL models, performance is
the highest at the 100% CPT scale. These results
show an overall positive data-scaling trend, with no
observed saturation within the evaluated data range.

Table 2: Online Evaluation across Training Stages.

Training Stage SR (%) A

w/o CPT UI-OCEANUS

QOwen3-VL-8B
SFT + Step-level GRPO 27.5 309 +12.4%

Owen2.5-VL-32B

SFT (Cold Start) 242 29.5 +21.9%
+ Step-level GRPO 322 389 +20.8%
+ Multi-step GRPO 39.6 443 +11.9%

This pattern suggests that further scaling may yield
additional gains.

4.2 Online Evaluation: Benefits Across
Post-Training Stages

While offline metrics quantify predictive accuracy,
the ultimate test lies in online execution. We in-
vestigate the effectiveness of UI-OCEANUS when
integrated into a progressive post-training pipeline.

4.2.1 Setup

Training Configurations. We compare agents ini-
tialized with UI-OCEANUS CPT against agents
initialized without CPT. The post-training pipeline
consists of three progressive stages: (1) SFT
(cold start): Supervised fine-tuning using simple
samples from the SFT dataset to establish basic
instruction-following capabilities; (2) Step-level
GRPO: Optimization on hard samples from the
SFT dataset using dense step-wise rewards to re-
fine complex reasoning; (3) Multi-step GRPO:
Further alignment using approximately 1K instruc-
tions in the real environment and a VLM outcome
reward model that provides sparse trajectory-level
rewards.

Evaluation Protocol. We report the success
rate (SR) on a held-out benchmark of 149 instruc-
tions covering diverse mini-programs (refer to Ap-
pendix J.2 for a detailed breakdown of domain cov-
erage and task complexity). All evaluation episodes
are executed in the real online environment, and
task success is manually verified by human annota-
tors to ensure rigorous correctness.

4.2.2 Results

As shown in Table 2, UI-OCEANUS provides a
strong transition-aware initialization that benefits
the entire post-training pipeline.

Consistent Gains across Post-Training Stages.
UI-OCEANUS establishes an immediate advan-
tage in the initial SFT phase and, crucially, main-
tains this lead throughout the subsequent RL align-
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Table 3: Ablation Study on Continual Pre-Training Objectives. We compare different dynamics tasks against the

non-CPT baseline. Forward dynamics consistently achieves the highest performance across all scales.

. . Qwen3-VL-2B Qwen3-VL-4B Qwen2.5-VL-3B Overall
Dynamics Formulation
™ EM TM EM TM EM TM EM
Baseline (w/o CPT) 75.9 479 79.2 573 757 477 1769 51.0
Forward I, us = Deyr 777 52.7 81.0 60.3 76.7 488 78.5 539
Ii,ar — Dy 77.6 52.7 80.3 60.0 76.9 50.6 783 544
I, lypn — w758 495 75.8 495 753 49.0 75.6 493
I, [ip1 —ae 756 464 77.8 509 75.6 472 763 482
Inverse
I, Diy1 — ur  76.3 50.2  79.0 574 762 483 772 520
I, Diy1 — ar 757 46.6 78.0 52.5 758 47.6 76.5 489
Backward  wu¢, [141 — Dy 77.1 50.4 80.0 58.7 76.3 475 718 522

ment steps. This persistence demonstrates that the
transition-aware prior is not overwritten by opti-
mization but rather facilitates more efficient policy
learning.

Amplified Benefits in Online Environments.
Notably, the performance gains yielded by UI-
OCEANUS are more pronounced in the online set-
ting than on the offline benchmark (Section 4.1),
highlighting that our GUI transition world model
equips an agent with a transition-aware prior useful
for real-world interaction. With only 32B parame-
ters, our best model achieves a 44.3% online suc-
cess rate, outperforming Seed-1.8 by 16.8 percent-
age points and approaching the leading proprietary
models Claude-4.5-Opus at 46.3% and Gemini-
3-Flash at 49.0%, with gaps of only 2.0 and 4.7
percentage points, respectively (Table 17).

4.3 Mechanism: Forward Dynamics Helps the
Most

We dissect the contributions of different CPT objec-
tives to understand the source of the performance
gains.

4.3.1 Setup

Training Configuration. To isolate the impact of
objective formulation, we conduct controlled exper-
iments on three models (Qwen3-VL-2B, Qwen3-
VL-4B, and Qwen2.5-VL-3B). We compare the
three distinct categories of self-supervised tasks de-
tailed in Section 3.4, while keeping the underlying
corpus of UI transitions constant (SM samples).

Evaluation Protocol. We use the same SFT and
evaluation settings as in Section 4.1. In addition to
the previously defined EM, we report Type Match
(TM), which evaluates only whether the predicted
action type matches the ground truth.

4.3.2 Results and Analysis

As detailed in Table 3, our ablation study reveals
critical insights into how different transition objec-
tives shape an agent’s representations.

The Effectiveness of Forward Dynamics. The
simplest forward-dynamics formulation, ¢, a; —
Di+1, achieves the highest EM (54.4%), outper-
forming both standard inverse dynamics (48.2%)
and backward dynamics (52.2%). Predicting “what
happens next” forces the model to encode the state
transition logic of the environment. Unlike meth-
ods using separate world models for planning (Luo
et al., 2025; Li et al., 2025), our method uses this
transition objective to shape an agent’s representa-
tions directly, allowing the agent to benefit from
transition-aware features without adding an exter-
nal planning model.

Why Inverse Dynamics Lags. The weaker per-
formance of standard inverse dynamics is partly
tied to its simpler target and different output-token
distribution: it predicts sparse action labels and co-
ordinates, while forward dynamics predicts richer
future-state descriptions. The training loss curves
in Figure 4 (Appendix E) are consistent with this
distinction, showing faster convergence for inverse
dynamics under sparse action targets. We there-
fore treat the gap as an objective-level comparison
rather than evidence that temporal direction alone
explains performance. Additional target-density
controls are reported in Appendix F; they preserve
the advantage of future-state prediction.

4.4 Cross-Platform Transfer and
Compositional Generalization

We evaluate two complementary forms of gener-
alization: controlled transition generalization over

46387



one- and two-step Ul transitions, followed by trans-
fer to the public AndroidWorld benchmark.

4.4.1 Controlled Transition Generalization
Setup

We further investigate whether an agent has merely
memorized specific transition pairs or learned tran-
sition patterns capable of cross-domain transfer and
compositional reasoning. To distinguish between
these possibilities, we define two levels of tasks:
Level 1 (L1, atomic) uses standard single-step tran-
sitions (¢ — t+1) to evaluate cross-domain transfer
performance; Level 2 (L2, compositional) intro-
duces multi-step chaining (¢ — t 4 2) that is never
seen during training to assess compositional gener-
alization, testing the ability to combine atomic GUI
transition patterns for long-horizon prediction. We
construct a controlled evaluation benchmark using
atomic transitions from mini-programs, partitioned
at the application level into seen and unseen groups.
We randomly sample 1.2M transitions for training,
while reserving 10K samples for L1 test sets and
constructing 10K samples for L2 test sets within
each group. To evaluate out-of-distribution (OOD)
robustness, we additionally sample 10K random
transitions from AndroidControl.

Training Configurations. We train two spe-
cialized variants of UI-OCEANUS-7B using the
same data mixture as in Section 4.3. Specifi-
cally, UI-OCEANUS-7B-F is trained on L1 forward
tasks (Iy, uy — Dy11), and UI-OCEANUS-7B-I is
trained on L1 inverse tasks (¢, I;+1 — u:). Both
models are trained on approximately 1.7M total
samples.

Evaluation Protocol. We use a VLM-as-a-judge
protocol to handle the open-ended nature of gen-
erative predictions. For forward dynamics, we ex-
plicitly query the model to predict five distinct UI
elements of the outcome page to facilitate objective
verification via a VLM judge. For inverse dynam-
ics, the model infers the first action given the start
and end states, with correctness verified by a VLM
judge.

4.4.2 Controlled Transition Generalization
Results

As shown in Table 4, UI-OCEANUS performs con-
sistently across both domain shifts and reasoning
horizons.

Cross-Domain Generalization. Our model ex-
hibits strong transfer capabilities across distri-
bution shifts. Notably, on L1 Forward tasks,

Table 4: Cross-Domain and Compositional General-
ization. We evaluate the learned GUI transition world
model across varying distribution shifts and reasoning
horizons.

Seen Unseen OOD

Lvl Task Model

mini-P.  mini-P. Android

Forward Qwen2.5-VL-7B 41.2 43.1 46.5

I, ut Qwen2.5-VL-32B 48.5 49.6 65.8

L1 — Diy1 UI-OCEANUS-7B-F  53.1 56.9 49.1
Inverse Qwen2.5-VL-7B 17.0 18.4 31.1

Iy, Iy g Qwen2.5-VL-32B 37.0 37.5 67.3

— ut UI-OCEANUS-7B-1 62.3 58.9 55.3
Forward Qwen2.5-VL-7B 41.3 41.1 —

Iy, ug,uepr Qwen2.5-VL-32B 46.9 46.3 -

L2 Diy2 UI-OCEANUS-7B-F  47.0 47.2 =
Inverse Qwen2.5-VL-7B 6.7 6.2 -

Iy, Ity o Qwen2.5-VL-32B 26.5 26.1 -

— ut UI-OCEANUS-7B-1 38.7 37.6 -

Table 5: AndroidWorld Transfer. UI-OCEANUS uses
only mini-program transitions; both rows use identical
AndroidControl SFT data.

Model Base+SFT UI-OCEANUS A
Qwen2.5-VL-7B 11.2 147 +31.3%
Qwen2.5-VL-32B 19.8 241 +21.7%

UI-OCEANUS-7B achieves 56.9 on unseen mini-
programs, surpassing the larger Base-32B (49.6).
This result indicates that our method learns trans-
ferable interaction patterns rather than memoriz-
ing application-specific layouts. Furthermore, on
the challenging OOD Android transition bench-
mark, UI-OCEANUS-7B consistently outperforms
its base model across all tasks, suggesting trans-
fer beyond mini-program layouts in this controlled
setting.

Compositional Generalization. Crucially, de-
spite being trained strictly on single-step transi-
tions, UI-OCEANUS exhibits strong compositional
generalization on Level 2 tasks. This result im-
plies that UI-OCEANUS does not merely memo-
rize single-step transitions but enables an agent to
mentally “chain” atomic GUI transition patterns.
This capability supports multi-step consequence
prediction needed for long-horizon planning.

4.4.3 Cross-Platform Transfer on
AndroidWorld

To assess cross-platform transfer on a public bench-
mark, we evaluate matched Qwen2.5-VL baselines
on AndroidWorld after identical SFT on Android-
Control. UI-OCEANUS uses the same SFT data
but is initialized with CPT performed exclusively
on WeChat mini-program transitions.
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As shown in Table 5, despite using no Android
transitions during CPT and only lightweight SFT
on AndroidControl, UI-OCEANUS achieves con-
sistent gains across both model scales, suggesting
that the learned transition representations capture
interaction patterns that transfer beyond the source
ecosystem.

5 Conclusion

We have introduced UI-OCEANUS, a framework
that overcomes the data scalability bottleneck by
learning a GUI transition world model from au-
tonomous exploration. By shifting from trajectory
imitation to learning atomic interaction dynamics,
we unlock a scalable CPT supervision source inde-
pendent of human annotation. Our results identify
forward dynamics as the critical objective for this
capability and show an overall positive data-scaling
trend across 7 Qwen-VL models and 35 model—
data configurations, with no observed saturation
within the evaluated data range. By separating the
acquisition of interaction dynamics from the ex-
ecution of user intent, UI-OCEANUS provides a
scalable pathway toward generalist GUI agents.

6 Limitations

UI-OCEANUS predicts textual descriptions of fu-
ture GUI states rather than executable simulator
states, visual tokens, or DOM-level representa-
tions. While this semantic objective aligns natu-
rally with language-conditioned GUI agents, it may
omit fine-grained spatial and rendering dynamics.
The CPT corpus and strongest empirical evidence
come from the WeChat mini-program ecosystem,
while broader validation on public GUI environ-
ments remains as future work.
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A Problem Formulation

We formulate GUI navigation not merely as tra-
jectory execution but as learning the underlying
transition dynamics of the interface.

GUI as a State Transition Graph. We model
the GUI environment as a directed state transi-
tion graph G = (S,&). Each node s € S repre-
sents a unique UI state, formally defined as a tuple
s = (I, X), where I € RF*W>3 g the pixel-level
screenshot and X denotes structural metadata (e.g.,
the accessibility tree). A directed edge e € £ rep-
resents an atomic transition (s, as, s¢+1). Here, an
action a; € A is defined as a tuple a; = (7,6),
where 7 denotes the operation type (e.g., click,
scroll, input) and 0 represents the corresponding
parameters (e.g., screen coordinates or input text
content), with the full specification of A detailed in
Appendix C. Executing a; in state s; leads to state

St+1-

Forward Dynamics (Outcome Prediction). For-
ward prediction serves as a training objective for a
semantic transition world model by predicting the
next state s;41 given the current state s; and action
a¢. We formulate this objective by minimizing the
following negative log-likelihood.

Lewd = —E(s.a0,5001)~D[108 Po(st+1 | 5t, at)]

(1

Inverse Dynamics (Action Inference). Inverse
dynamics aims to infer the action a; responsible
for the transition between s; and s¢1. The loss
function is defined as follows.

Liny = —E (s, a1,5001)~D10g Po(ar | 51, 541)]

2

Backward Dynamics (Precondition Inference).
Complementary to forward dynamics, this objec-
tive learns to infer the precondition state s; given

the executed action a; and the outcome s;41. We
minimize the following objective.

‘Cde = _E(st,at,st+1)~D[log P@(‘St ‘ St4+1, at)]

3)
B Extended Discussion on Related Work

This appendix extends the discussion of back-
ground and related work in Section 2.

B.1 Learning Paradigms for GUI Agents

Recent advances in generalist GUI agents have
primarily focused on refining policy optimization
paradigms. While initial efforts rely on imita-
tion learning, often through Behavioral Cloning
(BC) (Wu et al., 2024b; Lin et al., 2025a; Lu et al.,
2025; Chen et al., 2025; Wu et al., 2024a), the
field has rapidly shifted toward multi-step Rein-
forcement Learning (RL) (Ye et al., 2025; Xu et al.,
2025a; Wang et al., 2025a) integrated with Chain-
of-Thought (CoT) (Wei et al., 2022) reasoning to
handle non-stationary, long-horizon tasks. How-
ever, recent studies on RL reveal a critical bottle-
neck: RL alone struggles to surpass the inherent
capability ceiling of the base model (Zhang et al.,
2025a; Yue et al., 2025). This bottleneck under-
scores the necessity of elevating the foundation
model’s intrinsic capabilities via Continual Pre-
Training (CPT) prior to policy alignment. Existing
CPT methods for GUI agents, however, are largely
confined to static UI understanding, such as ele-
ment grounding or screen captioning (Tang et al.,
2025; Wu et al., 2024b). While these methods im-
prove perception, they fail to capture the interaction
dynamics of the interface. Distinct from these static
objectives, our work targets a dynamic objective:
learning a GUI transition world model via CPT on
atomic transitions. By grounding the model in the
forward dynamics of the interface (i.e., predicting
consequences), we provide a scalable path to learn-
ing transition-aware representations for generalist
GUI agents.
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Table 6: Definition of the Action Space.

Type (1) Params (0) Description

CLICK (z,y) Tap at pixel or normalized coordi-
nates.

INPUT (z,y, text) Focus on the target element at (z, y)
and type the provided text string.

SCROLL (x,y,dir) Scroll from (z,y) toward UP,
DOWN, LEFT, or RIGHT.

FINISH 0 Terminate the current episode immedi-

ately.

B.2 Scalable Data Acquisition for GUI Agents

A fundamental challenge in training generalist GUI
agents is the data scalability bottleneck of Behav-
ioral Cloning (BC). Practically, collecting high-
quality human demonstrations is prohibitively ex-
pensive. To bypass these limitations, the field has
pivoted toward synthetic data generation, primar-
ily following two directions. One line of work
attempts to synthesize execution trajectories by de-
ploying agents to interact with the environment
under specific instructions (Lin et al., 2025b; Sun
et al., 2025; Ramrakhya et al., 2025; Pahuja et al.,
2025). However, due to the strict long-horizon
dependencies of GUI tasks, generating valid data
is notoriously difficult; a single intermediate er-
ror invalidates the entire trajectory, resulting in ex-
tremely low yields of high-quality samples. Alter-
natively, other methods focus on static tasks such as
screen captioning or VQA by leveraging powerful
foundation models to label GUI screenshots (Qin
et al., 2025; Wu et al., 2024b; Tang et al., 2025).
Yet, these methods rely on model-based distillation,
increasing the risk that an agent inherits teacher-
model hallucinations and lacks objective grounding
in real execution. In contrast, our UI-OCEANUS
framework reduces reliance on ungrounded teacher
supervision by grounding supervision in observed
state transitions. By treating state transitions as
an execution-based verification signal, we mitigate
the fragility of long-horizon synthesis and the bias
of distillation, enabling performance to scale with
autonomous exploration.

B.3 World Models and Dynamics in Digital
Interfaces

Conceptualizing the GUI as a dynamic system
aligns with the broader literature on world mod-
els in model-based reinforcement learning and rep-
resentation learning, where frameworks (Hafner

et al., 2025; Assran et al., 2023; LeCun, 2022) en-
able agents to plan by modeling future latent states.
Instruction-guided image editing similarly maps
an input visual state and an editing instruction to
a transformed visual state (Brooks et al., 2023;
Huang et al., 2024). Recent work extends this
paradigm toward structured and localized transfor-
mations, including multi-layer human erasing (Yu
et al., 2025) and action-based editing within inter-
active object-layer environments (Yu et al., 2026).
In the specific domain of GUISs, prior work such

as ViMo (Luo et al., 2025) and VAGEN (Wang
et al., 2025b) has explored this direction through ex-

plicit visual state prediction, while GUI-Shift (Gao
et al., 2026) uses an inverse dynamics objective to
infer actions from state changes. Recent concur-
rent work (Zhang et al., 2025¢) uses implicit world
modeling as an auxiliary task but is limited to local
branching from expert demonstrations, lacking a
scalable, task-agnostic Continual Pre-Training ob-
jective for learning broad transition patterns. We
distinguish our work by leveraging autonomous
exploration and intrinsic environmental feedback
to learn a GUI transition world model via Contin-
ual Pre-Training, establishing a transition-aware
representation before agentic post-training.

C Action Space Specification

We define the action space A as a set of atomic
operations supported by an agent. Each action is
represented as a tuple a; = (7,0), where 7 spec-
ifies the primitive type and 6 contains the neces-
sary parameters. The representation of spatial co-
ordinates (z,y) adapts to the underlying vision-
language backbone:

* Qwen2.5-VL series uses absolute pixel co-
ordinates (z,y) € [0, W] x [0, H] based on
the original screenshot resolution.

* Qwen3-VL series uses normalized coordi-
nates quantized to the integer range [0, 1000].

The specific primitives and their parameter struc-
tures are summarized in Table 6.

D Details of the Data Filtering Pipeline

This section details the implementation of the dedu-
plication stages using Locality-Sensitive Hashing
(LSH) for both graph-structured accessibility trees
and high-dimensional screenshots.
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Table 7: Action Distribution before and after Filter-
ing.

Action Raw  Filtered
Click 60.2% 71.6%
Input 7.0% 12.0%
Scroll 5.0% 9.9%
Back 27.8% 6.5%

Table 8: Semantic Filtering Breakdown. Percentages
are measured within the semantic filtering stage.

Category Disposition  Share

Removed 1.2%
Removed  0.1%
Removed 16.3%
Removed 1.9%
Removed 1.4%

Retained  8.1%

Loading screens

Error screens

Latency no-ops
Auto-play changes
Popups

Aligned static transitions

D.1 Structural Transition Deduplication

To identify interface states with identical logic but
varying content, we model transitions as sets of
structural tokens.

Tokenization & MinHash. We extract tokens
from the accessibility tree nodes based on semantic
attributes (e.g., tag, xpath, events). A transition
is represented by the union of hashed tokens from
both the pre- and post-action states. We generate
MinHash signatures to efficiently estimate Jaccard
similarity, reducing variable-length token sets to
fixed-length vectors.

LSH Indexing. We use a banding strategy to in-
dex these signatures. Transitions colliding in any
band are retrieved as candidates. We then verify
candidates against a Jaccard similarity threshold,
retaining only unique representatives for the final
dataset.

D.2 Visual Transition Deduplication

For opaque components (e.g., WebViews), we use a
composite visual fingerprinting strategy combining
frequency and gradient domains.

Composite Hashing. For each transition, we con-
catenate the Perceptual Hash (pHash) and Differ-
ence Hash (dHash) of the start and end screen-

shots. This combination ensures robustness against
rendering noise while remaining sensitive to signif-
icant layout changes.

Clustering Strategy. We use bit-sampling LSH
to project high-dimensional hashes into lower-
dimensional buckets for indexing. Candidates are
clustered using a Union-Find data structure based
on Hamming distance thresholds. For each con-
nected component, the transition with the highest
data source priority is retained.

D.3 Semantic Filtering

We use Qwen3-VL-235B-Instruct as a semantic
verifier. The model is prompted to output a binary
validity score, retaining only transitions where the
screen changes logically correspond to the anno-
tated action.

D.4 Filtering Analysis

We further analyze how filtering changes the tran-
sition corpus. As shown in Table 7, filtering con-
centrates high-information actions such as clicks,
inputs, and scrolls, while pruning a large portion of
repetitive back navigation.

State Coverage. We track distinct path keys, a
signal not used by the filters, to estimate state cover-
age changes. The total number of distinct path keys
drops by only 4.3%, suggesting that filtering re-
moves redundancy without collapsing macro-level
state diversity. Rare paths with 1-5 occurrences
retain 60% of their volume, while highly repeti-
tive paths with more than 1000 occurrences drop to
4%, indicating that the pipeline primarily removes
frequent duplicates.

Semantic Filtering Breakdown. Table 8 sum-
marizes the semantic filtering stage. The re-
moved cases are dominated by valid but action-
disconnected events such as latency no-ops, rather
than invalid screens. We also explicitly retain
causally aligned but visually unchanged transitions
to avoid removing interaction-relevant cases that
are not visually salient.

46395



E Training Dynamics Analysis

Figure 4 illustrates the training dynamics discussed
in Section 4.3. The faster drop in the inverse-
dynamics loss is consistent with its sparse ac-
tion target being easier to fit, while the forward-
dynamics loss remains higher for longer. The
curve diagnoses objective difficulty rather than ex-
plaining the downstream gap; Appendix F provides
target-density controls.
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Figure 4: Training Loss Comparison. Inverse dynam-
ics (orange) converges faster under sparse action targets,
while forward dynamics (blue) maintains a higher loss
level for longer.

F Controlled Objective Comparisons

Table 9 reports additional controls for the objec-
tive comparison in Section 4.3. The dense rich-
inverse objective augments inverse dynamics with
synthesized CoT rationales generated in hindsight
by Qwen3.5-VL-397B-A17B, making its output
density comparable to forward and backward dy-
namics. These controls help disentangle temporal
direction, output modality, and target-token vol-
ume.

Output Richness. Rich inverse dynamics con-
trols for target richness by replacing sparse action
labels with dense CoT-and-action outputs. The
dense target improves over standard inverse dynam-
ics in average EM (54.6 versus 48.7), but still trails
full-scale forward dynamics (56.4). This result sug-
gests that the advantage of future-state prediction
is not solely explained by richer textual outputs.

Temporal Direction. Backward dynamics uses
a dense state-description target comparable to for-
ward dynamics, but predicts the past state rather
than the future state. Forward dynamics remains
stronger than backward dynamics at the same data
scale in average EM (56.4 versus 54.6). This result
indicates that action-conditioned future prediction
is the most effective objective among the variants
tested.

Target-Token Volume. The 12.5% forward set-
ting provides a coarse control for total target-token
volume: 12.5% x 80 =~ 10 tokens per original
transition, matching the approximate token bud-
get of standard inverse dynamics. Even under this
reduced data scale, forward dynamics reaches an
average EM of 53.9, exceeding standard inverse
dynamics at 48.7. This control does not remove
all differences in target content and structure, but it
suggests that the gain is not simply due to the total
number of target tokens.

G Teacher Model Ablation

UI-OCEANUS uses a VLM as a linguistic inter-
preter of observed transitions rather than as a gener-
ator of transitions. Both the pre-state and post-state
screenshots are produced by actual system execu-
tion, while the teacher verbalizes the observed tran-
sition into text supervision. To study sensitivity to
teacher scale, we conduct a side-by-side preference
study on 1,000 randomly sampled transitions. For
each transition, we compare a description gener-
ated by a challenger teacher with one generated
by Qwen3-VL-235B-A22B, randomize the candi-
date order, and ask an independent Qwen3.5-397B-
A17B judge to choose the better description or
declare a tie.

The results show mid-scale saturation: Qwen3-
VL-32B outperforms the 235B interpreter in this
preference study, while the larger 397B model does
not yield further gains. This finding supports a
more modest interpretation of the teacher role. The
supervision remains language-mediated and there-
fore still depends on an interpreter, but the core
transition signal is grounded in executed Ul state
changes rather than generated by the teacher itself.
Similarly, semantic filtering removes only about
21% of post-deduplication transitions and checks
action-feedback consistency, a simpler task than
producing the transition. We therefore revise the
claim from eliminating teacher dependence to re-
ducing reliance on extreme-scale teacher capabil-
ities by grounding supervision in observed transi-
tions.

H Hyperparameter Settings

We detail the hyperparameter configurations for
both the Continual Pre-Training (CPT) phase and
the Agentic Post-Training phase.
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Table 9: Target-Density Controls for Dynamics Objectives. The controlled objectives are evaluated on Qwen3-
VL-2B and Qwen3-VL-4B. Standard inverse, backward, and 100% forward dynamics correspond to the main
ablation; 12.5% forward dynamics is included as a target-token-volume control.

Objective Target Type Density Tokens Scale 2BEM 4B EM Avg EM
Std. Inv.  Action Sparse ~10 100% 46.4 50.9 48.7
RichInv. CoT+Action Dense ~100 100% 49.5 59.6 54.6
Backward Past State Dense ~80 100% 50.4 58.7 54.6
Forward  Future State  Dense ~80 12.5% 494 58.3 53.9
Forward  Future State  Dense ~80 100% 52.7 60.0 56.4

Table 13: General Benchmark Preservation. Positive
values indicate improvements after UI-OCEANUS CPT.

Benchmark Base Ours A
MMBench (EN) 86.46 83.36 -3.10
MMStar 67.93 67.20 -0.73
MMMU (dev)  57.30 59.30 +2.00
MMMU (val) 61.90 60.00 -1.90
MathVista 7470 72.80 -1.90
AI2D 82.93 83.52 +0.59
OCRBench 832 839 +7
MM Vet 78.07 77.34 -0.73
TextVQA 77.34 80.21 +2.87
DocVQA 90.35 91.70 +1.35
MMLU 79.45 79.17 -0.28
C-Eval 80.89 81.63 +0.74

Table 10: Teacher Model Preference Study. Percent-
ages are measured over 1,000 randomly sampled transi-
tions. Candidate order is randomized.

Challenger Challenger Wins Tie 235B Wins
Qwen3-VL-8B 15.6% 43.0% 41.4%
Qwen3-VL-32B 382% 43.1% 18.7%
Qwen3.5-397B-A17B 22.6% 49.0% 28.4%

H.1 Continual Pre-Training (CPT)

The hyperparameters for the CPT phase are sum-
marized in Table 11.

Table 11: Hyperparameters for Continual Pre-
Training.

Hyperparameter 32B Models 7B-8B Models 2B-4B Models
Optimizer AdamW

Global Batch Size 2048 1024 1024
Peak Learning Rate 1x107° 2x107° 3x107°
LR Scheduler Cosine

Warmup Ratio 0.03

Max Sequence Length 4096

Weight Decay 0.10 0.01 0.01
Epochs 1

H.2 Agentic Post-Training: SFT
Table 12 lists the settings for the Supervised Fine-

Tuning stage.

Table 12: Hyperparameters for SFT.

Hyperparameter 32B Models 7B-8B Models 2B-4B Models
Optimizer AdamW

Global Batch Size 64

Peak Learning Rate 3x 1076 6 x 1076 1x107°
LR Scheduler Constant

Max Sequence Length 4096

Weight Decay 0

Epochs 2

I General Capability Preservation

To assess whether GUI-specialized CPT harms
general capabilities, we compare the Qwen2.5-
VL-32B base model with its UI-OCEANUS CPT
counterpart on 11 public multimodal and reasoning
benchmarks, with MMMU reported separately on
dev and val splits. As shown in Table 13, general
performance is largely preserved, with mild regres-
sions on several tasks and gains on structured visual
understanding benchmarks such as TextVQA and
DocVQA.

J Dataset Statistics and SOTA
Comparisons

We provide detailed statistics for the datasets used
in our experiments, alongside a performance com-
parison against state-of-the-art proprietary models
to assess the ceiling of our framework.
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J.1 Offline Scalability Benchmark

Data Distribution. Table 14 summarizes the dis-
tribution of action primitives in both the SFT train-
ing set and the held-out test set used in Section 4.1.
The SFT training set reflects the natural frequency
of user interactions (dominated by Click, 79.0%),
whereas the evaluation benchmark is curated to en-
sure balanced coverage, specifically increasing the
representation of Scroll (9.8%) and Input (11.0%)
to rigorously test generalization.

Table 14: Statistics of Action Primitives (Offline).
Counts and percentages of action types in the SFT train-
ing and test sets.

SFT Training Set Test Set
Action Type Count Pct. Count Pct.
Click 6,229 79.0% 6,048  69.6%
Input 608 7.7% 954 11.0%
Finish 944 12.0% 839 9.6%
Scroll 105 1.3% 849 9.8%
Total 7,886 100.0% 8,690 100.0%

Comparison with Proprietary Models (Offline).
Table 15 presents the performance comparison be-
tween our UI-OCEANUS framework and state-
of-the-art proprietary models (including GPT-5.2,
Claude-4.5-Opus, and Gemini-3-Flash) as well as
large-scale open-weight baselines on the offline
scalability benchmark.

J.2 Online Evaluation Benchmark

Complementing the offline metrics, the online
benchmark used in Section 4.2 evaluates gener-
alization in dynamic environments.

Diversity and Coverage. The benchmark com-
prises 149 instructions covering over 50 unique
mini-programs (Table 16). It spans seven domains,
from high-frequency scenarios (e.g., Food) to long-
tail services (e.g., Medical), supporting evalua-
tion on transferable interaction patterns rather than
memorized layouts.

Comparison with Proprietary Models (Online).
Table 17 presents the success rate (SR) on the on-
line benchmark. We report the performance of UlI-
OCEANUS across three progressive post-training

stages and compare it with representative external
models, including state-of-the-art proprietary mod-

els.
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Table 15: Offline Benchmark Performance Compared with Proprietary & Large-Scale Models. We report
Exact Match (EM) and Type Match (TM) scores across different model families.

Model Exact Match (EM) Type Match (TM)
Proprietary Models
GPT-5.2 (OpenAl, 2025) (w/ Grounding) 61.1 76.9
Claude-4.5-Sonnet (Anthropic, 2025b) (w/ Grounding) 64.8 81.2
Claude-4.5-Opus (Anthropic, 2025a) (w/ Grounding) 69.2 82.7
Gemini-3-Flash (Google, 2025) (w/ Grounding) 69.2 82.0
Open-Weight Baselines
Qwen2.5-VL-32B 33.9 56.6
Qwen2.5-VL-72B 51.4 77.2
Qwen3-VL-32B 47.1 79.2
Qwen3-VL-235B-A22B 47.5 79.4
Qwen2.5-VL-32B (w/ Grounding) 56.5 779
Qwen2.5-VL-72B (w/ Grounding) 56.8 772
Qwen3-VL-32B (w/ Grounding) 61.2 79.3
Qwen3-VL-235B-A22B (w/ Grounding) 61.5 79.3
Ours
Qwen3-VL-32B + UI-OCEANUS (CPT+SFT) 65.0 81.1
Qwen2.5-VL-32B + UI-OCEANUS (CPT+SFT) 64.8 82.1
Qwen2.5-VL-32B + UI-OCEANUS (CPT+SFT+GRPO) 68.9 84.5

Table 16: Domain Distribution of the Online Benchmark. The benchmark covers eight distinct categories and
over 50 unique mini-programs.

Domain Tasks Representative mini-programs

Travel & Transport 25  Ctrip, Didi, Railway 12306

Food & Drink 21  Starbucks, KFC, Meituan, Heytea
Entertainment & Sports 15 Maoyan, Damai, Supermonkey, Golflive
Shopping & Logistics 13 JD.com, SF Express, Xianyu, Cainiao

Life Services 13 State Gov. Service, Beike, China Mobile
Medical & Health 11 Tencent Health

Office & Efficiency 8  Tencent Docs, Wenjuanxing, Tencent Meeting
Others 43 Diverse long-tail utilities

Total 149  over 50 unique mini-programs

Table 17: Online Success Rate Compared with Proprietary Models. Comparison of Success Rate (SR) on live
mini-programs between our progressive pipeline and external baselines.

Category Model / Stage SR (%) Gap w/ Best Ours
UI-OCEANUS (SFT Cold Start) 29.5 -14.8

Ours (32B) + Step-level GRPO 38.9 -5.4
+ Multi-step GRPO 44.3 -

Seed-1.8 (ByteDance Seed, 2025) (w/ Grounding) 27.5 -16.8

Proprietary &

External Baselines Claude-4.5-Opus (Anthropic, 2025a) (w/ Grounding) 46.3 +2.0

Gemini-3-Flash (Google, 2025) (w/ Grounding) 49.0 +4.7
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