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Abstract

Graphical User Interface (GUI) task automation constitutes
a critical frontier in artificial intelligence research. While
effective GUI agents synergistically integrate planning and
grounding capabilities, current methodologies exhibit two
fundamental limitations: (1) insufficient exploitation of cross-
model synergies, and (2) over-reliance on synthetic data gen-
eration without sufficient utilization. To address these chal-
lenges, we propose Co-EPG, a self-iterative training frame-
work for Co-Evolution of Planning and Grounding. Co-EPG
establishes an iterative positive feedback loop: through this
loop, the planning model explores superior strategies under
grounding-based reward guidance via Group Relative Policy
Optimization (GRPO), generating diverse data to optimize
the grounding model. Concurrently, the optimized Ground-
ing model provides more effective rewards for subsequent
GRPO training of the planning model, fostering continuous
improvement. Co-EPG thus enables iterative enhancement of
agent capabilities through self-play optimization and train-
ing data distillation. On the Multimodal-Mind2Web and An-
droidControl benchmarks, our framework outperforms exist-
ing state-of-the-art methods after just three iterations without
requiring external data. The agent consistently improves with
each iteration, demonstrating robust self-enhancement capa-
bilities. This work establishes a novel training paradigm for
GUI agents, shifting from isolated optimization to an inte-
grated, self-driven co-evolution approach.

1 Introduction

In recent years, with the rapid development of large-scale
vision language models (LVLMs), building autonomous
agents capable of understanding and interacting with graph-
ical user interfaces (GUIs) has emerged as a highly promis-
ing application area, attracting extensive research attention
(OpenAl 2025; Li et al. 2025).

The academic community has not yet established a unified
paradigm for designing GUI agents. Fundamentally, a GUI
agent requires two core capabilities: planning and ground-
ing. Planning determines the action and its values based on
the current screen state, while grounding identifies the target
element’s location. Common approaches involve training a
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monolithic model (He et al. 2024; Cheng et al. 2024), such
as directly training on large-scale trajectory data (Xu et al.
2024a; Pahuja et al. 2025), pretraining on grounding tasks
followed by fine-tuning on planning tasks (Xu et al. 2024b;
Wau et al. 2024), or introducing online Reinforcement Learn-
ing (RL) and environment interaction to explore more gen-
eralized strategies (Wei et al. 2025). Some studies even em-
ploy mechanisms like world model construction (Fang et al.
2025) or self-evolving curriculum learning (Qi et al. 2024)
to enable continuous self-improvement of model capabili-
ties. However, these monolithic models increasingly expose
limitations in perception and interaction when generalized to
diverse GUI environments (Gou et al. 2024). Consequently,
the research focus has shifted towards more flexible modu-
lar designs, primarily characterized by task decoupling and
multi-model collaboration. For instance, some studies em-
ploy a collaborative framework between high-level planning
and low-level grounding to enhance the accuracy and flex-
ibility of agents (Zhang et al. 2025a), while others con-
struct cooperative multi-agent systems to better handle com-
plex tasks (Zhao et al. 2025; Zhang et al. 2024; Wang et al.
2024b; Liu et al. 2025b). However, current collaborative
architectures for GUI agents face two critical challenges:
(1) They predominantly rely on independent model opti-
mization, which neglects the potential for synergistic co-
evolution between interdependent components like planning
and grounding. (2) This reliance fosters a dependency on
vast synthetic datasets, underutilizing existing data and in-
troducing synthetic noise. Therefore, it is imperative to de-
velop a novel collaborative paradigm that enables the syn-
ergistic evolution of planning and grounding models while
maximizing the utility of available data.

In this study, we propose Co-EPG, a self-iterative train-
ing framework for Co-Evolution of Planning and Ground-
ing. The core of Co-EPG is a positive feedback loop that
drives the co-evolution of both models. The planning model
explores new strategies using GRPO to generate diverse
and specific plans, which progressively enhance the ground-
ing model’s execution capabilities. In turn, the improved
grounding model delivers higher-quality rewards, guiding
the planning model toward more effective strategies. This
iterative loop, where the plan bridges the two models and
provides specific information to the grounding model, en-
ables continuous self-improvement. During the collabora-



tive training of both models, we propose a confidence-
based dynamic reward ensemble mechanism (C-DREM),
which effectively reduces reward noise by aggregating re-
wards from multiple grounding models with confidence-
based weighting. Our contributions can be summarized as
follows:

1. We propose Co-EPG, a self-iterative training frame-
work for Co-Evolution of Planning and Grounding.
The framework establishes a positive feedback loop in
which the grounding model guides the planning model’s
strategy exploration through reward, while the opti-
mized planning model generates high-quality data to
further enhance the grounding model. This closed-loop
self-improvement mechanism drives the continuous co-
evolution of both models.

We present the C-DREM that harnesses multiple ground-
ing models to assess plan executability. By dynami-
cally weighting reward based on each model’s confidence
score, C-DREM constructs a robust composite reward
signal, which significantly enhances the stability and ac-
celerates the convergence of the GRPO training process.

. The experimental results indicate that the Co-EPG ex-
hibits excellent generalization by solely relying on
the benchmark dataset for self-iterative optimization. It
outperforms existing state-of-the-art methods on both
Multimodal-Mind2web (58.4%) and AndroidControl
(83.1%) benchmarks.

2 Related Work

Recent advances in Large Language Models (LLMs) and Vi-
sion Language Models (VLMs) have laid a solid foundation
for research on GUI agents (Liu et al. 2024; Achiam et al.
2023; Wang et al. 2024c; Bai et al. 2023). Current researches
primarily revolve around two core views: architecture design
and capability enhancement.

2.1 GUI Agent Architecture Design

GUI agent architectures have evolved from LLM-centric
frameworks to end-to-end VLM-driven agents, and most
recently, flexible modular systems. Early agents are built
around LLMs (Gur et al. 2023; Zhao et al. 2024; Fu et al.
2024; Wang et al. 2024a), but they struggle with complex
visual information. This requires auxiliary models for tasks
like element selection (Deng et al. 2023) or information
parsing (Lee et al. 2025). However, this reliance on text over-
looks crucial visual and semantic cues (Zheng et al. 2024).
Consequently, the field pivots towards VLMs to natively in-
tegrate visual data. These fall into two main categories: hy-
brid approaches (Yang et al. 2023; Lu et al. 2024), which use
external tools to parse screen information for VLMs; and
end-to-end VLM-driven agents (Niu et al. 2024; Qin et al.
2025a; He et al. 2024; Cheng et al. 2024). However, these
models face new generalization challenges in diverse GUI
environments (Gou et al. 2024). To overcome generaliza-
tion issues, recent works focus on flexible, modular designs,
which involve either decoupling planning and grounding for
accuracy and flexibility (Zheng et al. 2024; Zhang et al.
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2025a) or employing multi-agent collaboration for complex
tasks (Liu et al. 2025b; Agashe et al. 2025).

2.2 GUI Agent Capability Enhancement

To enhance GUI agent capabilities, researches focus on two
main fronts: data synthesis and training strategies.
Automated Data Synthesis. Data synthesis often depends
on significant human labor, leading to high costs. To re-
place costly manual annotation, various automatic methods
have been proposed. Explorer (Pahuja et al. 2025) generates
over 94K successful trajectories via dynamic exploration of
web environments. AgentTrek (Xu et al. 2024a) simulates
execution traces using web tutorials as step-by-step guides.
Winclick (Hui et al. 2025) builds a 60k-sample dataset by
identifying interactive elements from raw screenshots and
generating corresponding natural language instructions. To
improve data quality, Aguvis (Xu et al. 2024b) generates
“inner monologues” to enhance logical reasoning.
Advanced Training Strategies. Researchers have explored
two primary paths for training. The first involves optimiz-
ing Supervised Fine-Tuning (SFT), such as two-stage train-
ing (Xu et al. 2024b; Wu et al. 2024) and curriculum learn-
ing (Chen et al. 2025). However, the generalization ca-
pability of SFT-based agents is heavily dependent on the
scale of the training data (Jiang et al. 2025). Additionally,
AgentSymbiotic (Zhang et al. 2025b) proposes collabora-
tive learning between large and small LLMs, though its ad-
vantages have not yet been applied to decoupled planning-
and-grounding architectures. The second path leverages RL,
such as rule-based rewards (Luo et al. 2025; Wei et al. 2025)
or hybrid distillation-RL approaches (Liu et al. 2025¢).
More advanced agents aim to self-evolve by generating tasks
from failures (Qi et al. 2024), using co-evolving world mod-
els (Fang et al. 2025), and applying attention-guided self-
improvement (Yuan et al. 2025). These ideas are largely
confined to end-to-end models and have not been integrated
with modular architectures. 7o the best of our knowledge,
our work is the first to propose a co-evolution framework for
decoupled architectures that iteratively refines planning and
grounding capabilities to maximize data value.

3 Preliminaries

We formulate the GUI task as a Partially Observable Markov
Decision Process (POMDP) following (Xu et al. 2024b).

Definition 1 (POMDP). Formally, a POMDP is defined by
a tuple (S, A, O, F, R), where S represents the com-
plete state space, O is the set of partial observations the
agent can perceive (e.g., visual screenshots and HTML con-
tent), and A denotes the space of feasible actions. F repre-
sents the state transition function, F (s, a,s’) = P(s'|s,a),
where is the probability of transitioning to state s after tak-
ing action a € A in state s € S. R is the reward func-
tion, S x A — [0, 1], which specifies the reward for tak-
ing action «a in state s. At each timestep ¢, the agent de-
termines an action based on the current observation o; =
(opision ohtmly € O, the task description @, and its interac-
tion history hy = {ag, a1, ..., a;—1}. The action a; is a com-

: coor type
posite tuple (af°°", a, represents

value coor
, a;*"¢), where ag
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Figure 1: Overview of our proposed Co-EPG framework. The framework drives the co-evolution of the planning model (7)
and the grounding model (¢) through an optimization loop. This loop alternates between Iterative Training, which employs
C-DREM to drive the co-evolution of both models, and Data Enhancement, which refines the dataset for the next iteration.

the target coordinates of action, a/“P is the action type, and

a¥e!ue is the action value. This process generates a complete
interaction trajectory 7' = {(01, a1), ..., (0|7}, a|r|)}, where

|T| is the total number of steps.

4 Methodology

In this section, we propose a self-iterative training frame-
work for Co-Evolution of Planning and Grounding (Co-
EPG), built upon the planning model 7 and the grounding
model ¢, as illustrated in Figure 1.

4.1 P-G Dual-Model

Inspired by (Gou et al. 2024), we adopt a P-G dual-model
architecture whose decoupled design allows each model to
specialize in its respective function, thereby enabling the
GUI agent to efficiently manage complex multi-step tasks.
At each timestep ¢, the complex decision-making process
is divided into two cooperative subtasks. Specifically, the
planning model 7 acts as a high-level strategist. Given the
current observation oy, task description ), and interaction

history h., it generates a multi-part action decision, which
type

comprises a textual plan p;, an action type a,”* , and a cor-
responding action value a?®“¢, as follows:
t l
ptaatype a’z)a ve = W(Q7Ot7h’t)' (1)

Subsequently, the grounding model ¢ utilizes the specific
plan p; with the visual input from the vision observation
(e.g., a screenshot) 0}***™ to predict the exact coordinates
ag?°" of the target element, as follows:

ag" = G(oVisim, ).

vision
O

@)
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The outputs of these two models are then combined to form
the current action a; = (ag””’, al¥Pe avelue) to be executed.
This sequence of operations is repeated iteratively, generat-
ing a complete task-execution trajectory 7.

4.2 Co-Evolving Optimization Loop

The self-iterative collaborative training loop of Co-EPG pri-
marily includes the following two core steps: Iterative Train-
ing and Data Enhancement.

Iterative Training. Training is driven by the iterative dataset
Dy.. In each iteration k& (where k& > 1), we first fine-tune
the model on the dataset Dj_ to obtain 7 and ¢y. Then,
we refine the planning model 7, into 7, through collabo-
rative GRPO training, which is guided by our proposed C-
DREM. The mechanism adaptively aggregates the rewards
generated from an ensemble of the grounding model ¢y
and VLMs (e.g., Qwen2.5-VL-72B-Instruct and Qwen2.5-
VL-32B-Instruct), which is detailed further in Section 4.3.
Guided by these grounding models, the planning model ex-
plores more successful strategies, which makes its plans
more comprehensible. The grounding model ¢y, in turn, is
further strengthened by fine-tuning on high-quality data dis-
tilled from the previous stage, which enhances its perception
capabilities. This process iteratively aligns the capabilities of
the planning and grounding models, ultimately yielding the
planning model 7, and the grounding model ¢y.

Data Enhancement. We develop a self-enhancing data evo-
lution mechanism: Initially (k 0), we form two spe-
cialized pools, each consisting of open-source VLMs: the
Planner II and the Verifier ®. The Planner II generates



the specific plan p, based on the current observation o,
task description (), and historical actions h;. The Veri-
fier ® then validates each plan and constructs the initial
dataset (o4, hy, pt,ar) € Do by retaining only successfully
verified plans. In subsequent iterations (kK > 1), the up-
dated planning model 7}, and grounding model ¢, partici-
pate in the data production process: the Planner II incorpo-
rates 7}, to enhance planning diversity, and the Verifier ®
integrates ¢ to improve discrimination reliability. To bal-
ance effectiveness and efficiency, only the latest {7}, 7, _,}
and { ¢y, ¢x—1} are reserved for data production, maintain-
ing the size of both pools. Through a self-evolution loop,
the planning and grounding models achieve synergistic im-
provement. Ultimately, we obtain a more powerful GUI
agent M= {7}, ¢}

43 C-DREM

As described in Section 4.2, we facilitate synergy between
the planning and grounding models through collaborative
GRPO training. To build a more comprehensive reward sig-
nal (Liu et al. 2025a), we evaluate the planning model’s
output on its plan, action type, and action value. For clarity,
we omit the time step subscript ¢ in the following contents,
as all formulas are defined under a unified time step.

Plan Reward. A key challenge for the planning model dur-
ing GRPO training is that the quality of a generated plan
cannot be directly evaluated, because its effectiveness is ul-
timately determined by whether the grounding model can
use this plan to accurately locate the target element. As a
result, we use the grounding model’s prediction accuracy as
a reward to guide the optimization of the planning model.
The accuracy, denoted as AccP'" s calculated based on
whether the coordinates a“’°" predicted by the grounding
model fall within the target’s bounding box bbox:

1, if a®°" € bbox,

Accplan _ )
0, otherwise.

3)

To address the inherent bias and poor performance of sin-
gle reward model on out-of-distribution data, we propose
C-DREM, a confidence-based dynamic reward ensemble
mechanism. The core idea of C-DREM is to aggregate the
collective intelligence of diverse grounding models, which
include both open-source models and the grounding model
¢y, generated during our iterative training process. The re-
ward rP!%" is defined as a weighted sum:

“

N
plan __ . plan
r —E wj + Acci ™,
Jj=1

where Acc?'®™ represents the reward from the j-th ground-
ing model (]forj =1,...,N), N is the number of grounding
models, and w; is the corresponding weight. The weight w;
is determined by two components: a static prior o; and a
dynamic confidence score c;:

exp(a; - ¢j)

SN exp(og - cn)

&)

wj; =
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Here, the static prior o is set higher for our trained ground-
ing model, reflecting its critical importance in production de-
ployment. The dynamic confidence score ¢; is calculated as
the sum of the log-likelihoods of the predicted coordinate

token 7 of aj°°", normalized by its length L:

L
1
¢ =7 ; log P(71 | 0,h, ). (©)

Next, we calculate rewards based on action type and ac-
tion value according to (Luo et al. 2025).
Action Type Reward. The action type reward r'¥?¢ depends
on whether the predicted action type a*¥P¢ exactly matches
the ground truth action type gt‘¥P¢:

Ttype — { 17

0,
Action Value Reward. The action value reward rv%e is
calculated based on the F} score between the predicted value
av®¢ and the ground truth value gtV*!“¢, which is called as:
17 if Fl (avalue’ gtvalue) > 0.5’

Tvalue _
0, otherwise.

Final Reward. The final reward r; of the i-th generation for
the GUI tasks is calculated by r#'*", r/P¢ and rvatue;

x

Group Computation. Subsequently, we normalize these re-
wards across the G generated Rollouts to compute the ad-
vantage A;, which subsequently serves as the objective for
GRPO policy optimization (Shao et al. 2024):

i —mean({ry,re, -+ ,rg})
std({r1,ra, - ,ra})

if atvre = gtvre,

(7

otherwise.

®)

value
i

if %7 = 0 orr =0, ©)
rPlan - otherwise.

4,=1

(10)

S Experiments
5.1 Datasets and Metrics

We conduct systematic evaluations on two main bench-
marks: Multimodal-Mind2Web (Deng et al. 2023) for web
interactions and AndroidControl (Li et al. 2024) for mobile
applications. For Multimodal-Mind2Web, we report element
accuracy (Ele.Acc), operation F1 (Op.F1), and step success
rate (Step SR), while for AndroidControl, we use the stan-
dard metric of step accuracy (Step Acc). Detailed bench-
mark information is provided in Appendix. A.

5.2 Implementation Details

We implement the experiments using PyTorch 2.6.0 on a
Linux server equipped with 984GB RAM, Intel Xeon Plat-
inum 8369B CPU @ 2.90GHz, and Nvidia A100 Tensor
Core 80GB GPUs. We select Qwen2.5-VL as our back-
bone in experiments, with the training pipeline implemented
based on the MS-SWIFT framework. All results represent
the average of three independent runs to ensure credibility.
Training details are provided in Appendix. B.



Cross-Task

Cross-Website Cross-Domain

Planner Grounder Avg SR
Ele.Acc Op.F1 StepSR Ele.Ace Op.F1 StepSR Ele.Ace Op.F1 Step SR
Choice 46.4 73.4 40.2 38.0 67.8 324 424 69.3 36.8 36.5
GPT-4 SoM 29.6 - 20.3 20.1 - 13.9 27.0 - 23.7 19.3
SeeClick 32.1 - - 33.1 - - 335 - - -
GPT-40  UGround-V1-2B 48.6 - - 47.6 - - 47.7 - - -
UGround-V1-7B 50.7 - - 48.1 - - 48.5 - - -
GPT-4V  OmniParser 424 87.6 394 41.0 84.8 36.5 45.5 85.7 42.0 39.3
Explorer-4B 534 88.1 50.7 55.6 89.5 514 49.8 88.8 47.2 49.8
Explorer-7B 56.5 90.3 53.2 60.5 90.7 56.7 55.7 90.4 53.0 54.3
AgentTrek-7B 60.8 88.9 55.7 57.6 88.1 514 56.0 87.5 52.6 53.2
SeeClick-9.6B 28.3 87.0 25.5 214 80.6 16.4 232 84.8 20.8 20.9
AGUVIS-7B 64.2 89.8 60.4 60.7 88.1 54.6 60.4 89.2 56.6 57.2
Co-EPG-Web-3B 57.7 88.8 53.1 56.9 87.7 51.1 53.6 89.6 50.0 514
Co-EPG-Web-7B 66.3 92.4 61.9 62.3 91.7 58.1 59.3 92.2 55.3 58.4

Table 1: Performance on Multimodal-Mind2Web. We bold the best results and underline the second-best performance.

5.3 Main Results

Multimodal-Mind2Web Results. The experimental results
in Table 1 highlight the self-improvement capability of our
proposed Co-EPG framework, which achieves state-of-the-
art performance on web tasks. Specifically, the Co-EPG-
Web-7B model achieves 58.4% on average Step SR of three
subtasks, outperforming both Explorer-7B (Pahuja et al.
2025) (54.3%) and the previous leading model, AGUVIS-
7B (Xu et al. 2024b) (57.2%). Notably, unlike AGUVIS-
7B, which relies on extensive auxiliary data construction,
Co-EPG achieves superior performance using only the orig-
inal benchmark data. Co-EPG also shows strong gener-
alization at smaller scales. Co-EPG-Web-3B outperforms
the previous state-of-the-art model with similar parameters,
Explorer-4B (Pahuja et al. 2025), by nearly 1.6% on average
Step SR. Based on the experimental results across varying
model scales, this consistent performance gain demonstrates
that the co-evolution of planning and grounding models en-
ables agents to learn from more diverse and higher-quality
data, without requiring external data.

AndroidControl Results. Table 2 presents the experimen-
tal results of Co-EPG on the AndroidControl benchmark for
the mobile task. Co-EPG-Mob-7B achieves the best perfor-
mance with 83.1% on average Step Acc of high-level and
low-level tasks, demonstrating a significant 1.4% advantage
over the previous state-of-the-art UI-TARS-7B (Qin et al.
2025b). This strong performance extends to smaller mod-
els as well: the Co-EPG-Mob-3B variant also performs ex-
cellently with a score of 81.8%, maintaining a competitive
advantage compared to InfiGUI-R1-3B (Liu et al. 2025c)
(81.6%). These experiments validate the effectiveness and
generalization of Co-EPG across diverse GUI environments.

5.4 Ablation Study

The effectiveness of the Co-EPG framework arises from
three synergistic design principles: the P-G dual-model ar-
chitecture, the self-iterative loop for continuous evolution,
and the confidence-based dynamic reward ensemble mech-

Step Acc

Planner  Grounder Avg Acc
High Low

GPT-40  SeeClick 41.8 528 47.3
GPT-40  UGround-vl-2B  50.0  65.0 57.5
GPT-40  UGround-vl-7B 49.8  66.2 58.0
AGUVIS-7B 61.5 80.5 71.0
AGUVIS-72B 664  84.4 754
OS-Atlas-4B 67.5 80.6 74.1
OS-Atlas-7B 712 852 78.2
GUI-R1-3B 46.6 644 55.5
GUI-R1-7B 51.7  66.5 59.1
UI-R1-3B 454 664 55.9
UI-TARS-2B 68.9 893 79.1
UI-TARS-7B 72.5 908 81.7
InfiGUI-R1-3B 71.1 921 81.6
Co-EPG-Mob-3B 734  90.2 81.8
Co-EPG-Mob-7B 742 920 83.1

Table 2: Performance on AndroidControl. We bold the best
results and underline the second-best performance.

anism (C-DREM) for precise and adaptive guidance. In this
section, we conduct three iterations and use M), (detailed in
Section 4.2) to represent the agent after each iteration.

Impact of P-G Dual-Model. We validate the contribu-
tions of the P-G dual-model by analyzing model variants
with and without the decoupling structure mediated by
planning instructions. Specifically, the performance of the
P-G dual-model is compared with that of an end-to-end
model under fine-tuning training. The experimental results,
as shown in Table 3, demonstrate that the decoupled archi-
tecture improves performance by 3.4% over the end-to-end
approach, confirming its effectiveness.

Impact of Iterative Evolution. To evaluate the synergistic
co-evolution of Co-EPG, we track the performance of Co-
EPG-Web-3B/7B across multiple iterations. As illustrated
in Figure 2, both models show clear and steady improve-
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Method Avg SR

End2End 50.1
Co-EPG-Web-7B-M 53.5

Table 3: Performance Comparison: Decoupled P-G Dual-
Model Architecture vs. End-to-End.

60.0 584
57.5
55.0
56.5
5501555 =
3 .
<525 514
2 52.6
wn
& 50.0 48.8
w2
04751466 429
< 472
45.0 Co-EPG-Web-7B
44.9 Co-EPG-Web-7B w/o GRPO
425 Co-EPG-Web-3B
Co-EPG-Web-3B w/o GRPO
40.0
M, M, M3

Training Stage

Figure 2: Effectiveness of the self-iterative evolution mech-
anism in Co-EPG on Multimodal-Mind2Web.

ments, confirming the performance gains from our self-
evolutionary framework. To determine whether this gain is
from data iteration alone or whether GRPO collaborative
training also plays a crucial role, we remove GRPO and rely
solely on SFT. Although the models without GRPO (dashed
lines) also improve, they significantly underperform the full
Co-EPG architecture. This result demonstrates that data it-
eration and GRPO collaborative training are dual drivers
of this evolution. Specifically, GRPO collaborative training
acts as an accelerator, providing the precise exploration re-
wards required to transcend the performance limitations in-
herent to purely data-centric refinement.

Impact of C-DREM. To validate the effectiveness of key
components in C-DREM, we conduct ablation studies with
the following variants:

* w/o C-DREM. Uses the trained grounding model as the
single reward model.

* w/o Confidence & Prior Weights. Uses average weight-
ing but removes confidence and prior weights.

* w/o Confidence Weights. Uses prior weighting but re-
moves the confidence weights.

We establish a performance baseline by using a sin-
gle grounding model as the reward model (w/o C-DREM).
Table 4 demonstrates three key findings: Firstly, aver-
age weighting (w/o Confidence & Prior Weights) already
shows 0.51% improvement over the baseline. Secondly,
prior weighting (w/o Confidence Weights) achieves a fur-
ther 0.66% gain but with static weights. These verify the
ensemble’s inherent advantage in generating robust rewards.
Finally, our complete C-DREM achieves a 1.91% improve-
ment, highlighting the critical role of confidence-based dy-
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Method Avg SR
w/o C-DREM 56.50
w/o Confidence & Prior Weights 57.01
w/o Confidence Weights 57.67
Co-EPG-Web-7B-M3 58.41

Table 4: Comparative Analysis of C-DREM in GRPO Col-
laborative Training.
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Find and view contact details of the newest parking spot for rent in
Austin, Texas within 10 miles of zip 78563 and in a budget of 50 to
150 dollars with an air conditioning facility.
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Figure 3: An Evolution Example of Co-EPG.

namic weighting. These findings confirm that C-DREM can
generate more adaptive and precise rewards, addressing the
limitations of static weights, and collectively validate the ef-
fectiveness of C-DREM in improving model performance.

5.5 Case Study

As shown in Figure 3, we visualize evolution in the capa-
bilities of the planning and grounding models across three
stages. In M stage, the planning model not only produces
an ambiguous plan by merging multiple UI targets but also
predicts an incorrect action value. In M5 stage, the planning
model is able to identify the correct Ul element and action
value for the task, however, due to the misalignment between
the capabilities of the planning and grounding model, the
predicted coordinates are still incorrect. Moreover, in M3y
stage, the planning model achieves high semantic accuracy
by generating plans with specific UI text ("MILES FROM
LOCATION”) rather than generic descriptions (“miles in-
put field”), leading to comprehensive success. This progres-
sion from ambiguous to precise planning, along with the im-
proved capabilities of the grounding model, greatly boosts
the model’s overall performance on GUI tasks.

5.6 Efficiency Study

Data Efficiency. Figure 4 powerfully demonstrates the su-
perior data efficiency of our Co-EPG framework. Remark-
ably, our Co-EPG-Web-7B surpasses the previous state-of-
the-art model AGUVIS-7B on average Step SR while utiliz-
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Figure 4: Performance and data efficiency on the

Multimodal-Mind2Web benchmark.
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Figure 5: The performance curves of different reward mech-
anisms evaluated on Multimodal-Mind2Web.

ing only 2.42% of the labeled step data (6862 vs. 283500).
This achievement validates the effectiveness of Co-EPG’s
innovative data value mining mechanism, particularly high-
lighting its advantages in low-resource scenarios.
C-DREM Efficiency. On the Multimodal-Mind2Web
dataset, we track Step SR to compare the efficiency of the
C-DREM with a single grounding model. In Figure 5, our
C-DREM plays a crucial role in enhancing learning stability
and accelerating convergence efficiency. Relying on a single
grounding model inevitably leads to cognitive blind spots,
resulting in high-variance rewards during the agent’s explo-
ration process. This variability causes significant policy fluc-
tuations and inefficient learning. In contrast, our proposed
mechanism mitigates noise, enhances exploration efficiency,
and speeds up the planning model’s convergence by integrat-
ing multiple grounding models.

5.7 Analysis

Evolution of Data Quality. We evaluate the data quality
evolution of the Co-EPG across two dimensions: purity and
diversity. The purity metric is the proportion of plans suc-
cessfully executed by grounding models, and the diversity
metric is the average number of generated plans per task. As
shown in Figure 6, both core metrics exhibit significant up-
ward trends as the iteration progresses, with purity improv-
ing by 8.84% and the diversity metric increasing by nearly 4.
This result confirms the framework’s data self-enhancement
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Figure 6: Iterative enhancement of data quality in Co-EPG.
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Figure 7: Iterative improvement of Co-EPG-Web models
across all tasks on the Multimodal-Mind2Web.

and highlights its significant potential for self-evolution.

Improvement across Different Tasks. Figure 7 demon-
strates that on the Multimodal-Mind2web benchmark, both
our 3B and 7B models exhibit significant and stable Step SR
growth across all tasks. This steady improvement validates
the robustness of our co-evolutionary learning process. No-
tably, this trend holds even for challenging cross-website and
cross-domain tasks, demonstrating the framework’s ability
to foster strong generalization rather than mere memoriza-
tion. Additionally, the consistent performance across various
model scales demonstrates the effectiveness of Co-EPG.

6 Conclusion

In this paper, we propose Co-EPG, a self-iterative train-
ing framework for Co-Evolution of Planning and Ground-
ing. Co-EPG utilizes planning instructions as interaction
media, successfully achieving collaborative GRPO training
between planning and grounding models. Extensive exper-
iments demonstrate that Co-EPG exhibits state-of-the-art
performance across both web and mobile tasks, showing sta-
ble performance improvement through iterative rounds. We
believe that applying Co-EPG with other data synthesis tech-
niques could unlock even greater data potential, and we hope
our work can inspire future research in GUI agents.
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