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Abstract

Multimodal web agents can assist humans in
operating repetitive GUI tasks, where effec-
tive task planning is essential for decomposing
complex tasks into executable actions. While
small open-source MLLMs are cost-efficient
and privacy-preserving compared with com-
mercial large models, they suffer from weak
planning and limited cross-website generaliza-
tion. To address these limitations, we introduce
the planning experience exploration and uti-
lization (PEEU) method, which autonomously
explores environments to discover experiences
and utilizes hindsight experience to synthesize
strictly aligned, high-level training data. To
quantitatively analyze the generalization be-
haviors driving this performance, we propose
the task decomposition hierarchical analysis
framework (TDHAF) to systematically study
compositional generalization across three task
granularities: low, middle and high levels. Our
analysis reveals that mastering low-level atomic
skills does not guarantee high-level planning
competence, while high-level task training
yields stronger OOD generalization. Experi-
ments on real-world benchmarks demonstrate
PEEU’s superior effectiveness: our 7B model
achieves 30.6% accuracy, outperforming the
much larger Qwen2.5-VL-32B model. These
demonstrate constructing hindsight high-level
tasks and leveraging experiences is crucial for
OOD planning abilities of small MLLMs.

1 Introduction

The multimodal web agent is an attractive solution,
which can assist humans in operating on unfamiliar
websites and handling repetitive GUI tasks (Wang
et al., 2024a; Ning et al., 2025; Tang et al., 2025a).
The core ability of the agent is task planning, which
enables it to decompose a complex task into exe-
cutable actions (Li et al., 2025d; Cao et al., 2025;
Wei et al., 2025). Due to the high interaction costs
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Figure 1: The overview of planning experience explo-
ration and utilization method.

and privacy risks of commercial large models, us-
ing small open-source multimodal large language
models (MLLMs) is a promising approach (Bel-
cak et al., 2025). However, small MLLMs exhibit
weak planning ability and limited generalization.
Thus, enhancing their planning with limited data
is urgent (He et al., 2024). In comparison, humans
can make plans by utilizing experiences from inter-
action and exploration with the environment (Ross,
1989; Anderson, 2013). Inspired by the human
learning process, agents should (1) autonomously
set their own learning goals in the environment
and improve their abilities through interaction and
exploration, and (2) summarize and utilize hind-
sight experiences from the past to guide future de-
cisions (Silver and Sutton, 2025; Cai et al., 2025).

Recent studies focus on utilizing experiences in
the post-training stage to train models. As shown in
Figure 1, these approaches can be categorized into
two main streams: (1) Training with atomic-level
tasks (Gu et al., 2024; Fan et al., 2025). These meth-
ods compare changes before and after environment
observations to extract experiences. The experi-
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ences are then used to synthesize atomic-level tasks
such as clicking, typing, and scrolling to train the
model. However, it remains unclear whether train-
ing on atomic-level tasks can effectively generalize
to high-level tasks. Hence, it is urgent to propose
a framework to study the compositional general-
ization of web agent task planning. (2) Training
with coarse high-level tasks (Logeswaran et al.,
2025; Trabucco et al., 2025). These methods lever-
age task-based exploration trajectories to train the
model with coarse high-level tasks, like finding a
snowboard with constraints. However, trajectories
of coarse high-level tasks suffer from misalignment
and a lack of stricter constraints. This limits the
generalization ability in high-level tasks. There-
fore, it is necessary to develop a method to synthe-
size trajectories that are better aligned and strictly
constrained by environments.

To address these limitations while ensuring a fair
comparison using the same scale data, we propose
the planning experience exploration and utiliza-
tion method (PEEU), as shown in Figure 1. Dis-
tinct from previous methods that rely on brute-force
search to match trajectories with pre-defined goals,
we leverage hindsight to inversely align tasks to the
collected trajectories, thereby significantly enhanc-
ing the quality of high-level data. The framework
consists of two stages: planning tree exploration
and planning experience utilization. (1) In the plan-
ning tree exploration stage, the exploration model
autonomously sets goals adapted to the functional
characteristics of diverse websites, and then con-
ducts goal-driven exploration in the unfamiliar envi-
ronment to construct an exploration tree. (2) In the
planning experience utilization stage, trajectories
are summarized to extract valuable experiences.
These experiences are then used to create better
aligned and constrained pairs of tasks and trajec-
tories. We evaluate PEEU on seven unseen real-
world websites. Under a strictly controlled setting
with identical data scales for all methods, PEEU
demonstrates superior cross-website generalization.
PEEU based on Qwen2.5-VL-7B reaches 30.6%
accuracy, marking a significant improvement over
the Instruct Model’s performance of 7.8%.

To further validate the advantage of high-level
tasks over atomic-level tasks, we propose the task
decomposition hierarchical analysis framework
(TDHAYF). Our analysis confirms that mastering
atomic skills is insufficient for complex planning,
thereby validating PEEU’s emphasis on high-level
experience. This framework first defines three

levels of task granularity: low-level tasks, mid-
level tasks, and high-level tasks. It further distin-
guishes between two types of generalization: in-
domain (ID) and out-of-domain (OOD). Building
on this taxonomy, we analyze from three perspec-
tives: (1) ID bottom-up generalization: whether
low-level tasks can generalize to high-level tasks in-
domain. (2) ID top-down generalization: whether
high-level tasks can generalize to low-level tasks
in-domain. (3) OOD multi-level generalization:
what granularity of tasks is better for out-of-domain
generalization. The experiments demonstrate fol-
lowing conclusions: (1) Mastering individual low-
level tasks does not necessarily imply mastery of
the corresponding high-level task. (2) Using high-
level tasks makes it easier to generalize downwards
in-domain with greater overall coverage. (3) Using
high-level task training can enable the model to ac-
quire stronger generalization capabilities for multi-
level tasks in OOD. Overall, experiments show that
in post-training stage, using low-level tasks cannot
effectively generalize to high-level tasks.

In summary, our contributions are as follows:
(1) We propose the planning experience explo-
ration and utilization method (PEEU), which can
autonomously explores and effectively utilizes ex-
periences to enhance the planning generalization
abilities of web agents. (2) We propose the task
decomposition hierarchical analysis framework
(TDHATF) to analyze the compositional generaliza-
tion ability of models in multimodal web naviga-
tion task planning scenarios. (3) PEEU improves
cross-website OOD generalization in real online
multimodal web navigation tasks, outperforming
previous methods across different model scales
with the same data scale and training settings.

2 Planning Experience Exploration and
Utilization Method

In this section, we introduce the planning experi-
ence exploration and utilization method. This is
an automatic exploration learning framework that
first sets goals adaptively and explores in unfamil-
iar websites. Then it extracts planning experiences
from trajectories and uses them to build aligned
and constrained training data. Users only need to
provide a URL to be explored, and the framework
can freely explore the website, extract and summa-
rize experiences, and then build better aligned and
constrained data to train small MLLMs, achieving
cross-website generalization capabilities.
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Figure 2: An overview of planning experience exploration and utilization method with two stages.

2.1 Method

The framework is divided into two stages: plan-
ning tree exploration and planning experience
utilization, as shown in Figure 2. All prompts are
shown in Appendix A.

Planning Tree Exploration. The autonomous
agent requires a shift from passive learning to au-
tonomous learning. It requires self-driven tasks and
self-execution exploration. For the self-driven tasks
stage, given a website URL, the exploration agent
interacts with the homepage sg (obtained from the
URL) through the MLLM M to generate a basic
task list D = {d1,do, ..., d,}, where each task d;
represents a task to be explored. This process can
be expressed as:

D = M (s, URL). (1

Subsequently, for the self-execution exploration
stage, the agent performs autonomous exploration
based on the task list D, the environment Env (with
basic URL as entry point), generating a directed
exploration tree R = (V, E) rooted at the home-
page, where V is the set of website screens, F is
the set of actions between these observations. The
exploration process is implemented as:

R = Explore(M, D, Env, URL). )

This tree can be expanded into interleaved tra-
jectories of observations and actions, where all
trajectories share the same root node. Formally,
let 7 = {(s0,a0),...,(Sm,am)} denote a tra-
jectory, where sq is the shared root state (home-
page). a; € A represents the action at step t.
st4+1 ~ P(+|st, at) is the subsequent observation.
The exploration tree R represents the collection
of trajectories from tasks {7;}!" ;, obtained via the
recursive exploration process by M.

Planning Experience Utilization. The agent
needs to learn from past explorations and use these
experiences to build high-level trajectory data. The
coarse high-level tasks have two limitations. (1)
The tasks and trajectories are not always aligned.
For example, the task requires more than 4.5 stars,
but the trajectory only reaches 4 stars. (2) The
task lacks stricter constraints for unknown environ-
ments, because the websites are partially observ-
able environments. The constraints of the unknown
environment must come from real exploration, and
the homepage information cannot provide them,
such as ingredients and preparation directions. Us-
ing such mismatched data causes the agent to learn
incorrect patterns and miss key details. Thus, re-
casting these explorations into accurate experiences
is vital for ensuring high-quality training signals.
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In the experience extraction stage, the MLLM
M compares before-action state and after-action
state to extract atomic experiences:

€ = M(St,at, St+1), 3)

where s; and s are the visual observations be-
fore and after action ay, respectively. A trajectory-
level experience i can be represented as a sequence
of atomic experiences:

L) ET)- (4)

The agent then fuses these sequences of atomic
experiences into refined high-level tasks that are
both more aligned with real outcomes and stricter
in the constraints. Formally, define a mapping ®
with M that aggregates the experiences into PEEU
task d, forming the collection D of PEEU tasks:

y My M) .
(%)
In the training stage, the agent’s goal is to learn a
policy m : S x H x D — A, that maps the current
state s; € S, the history hy € Hg.t, and the task
description d € D, to the next action a; € A. We
use SFT and GRPO (Shao et al., 2024) for training.
The details are shown in Appendix A and B.

p= (€1, €2,..

ﬁ: (d~17d~2>'-'adn) :q)(lu'lhu%"'

2.2 Experimental Settings

Baseline. (1) Atomic-Prompt (Wang et al,
2024b) uses the input task to retrieve related atomic
experiences. The number of retrieved atomic expe-
riences is set to 10. These experiences are used as
prompts to serve as contextual input. (2) Trajectory-
Prompt (Wang et al., 2024b) uses the input task
to retrieve one trajectory-level experience accord-
ing to its query as the prompt. (3) Coarse (Lo-
geswaran et al., 2025; Trabucco et al., 2025) uses
the original exploration task as the training task.
(4) Atomic (Gu et al., 2024; Fan et al., 2025) uses
the atomic operation task as the training task. In
addition, all the training parameters are kept the
same. And all methods are controlled to use the
same amount of data to ensure a fair comparison.

Evaluation. We evaluate the planning capabili-
ties of the models on real-world multimodal bench-
mark WebVoyager (He et al., 2024). The test set
covers diverse real multimodal online websites, in-
cluding cooking, shopping, research, code, map,
study and other categories. Follow the standard
evaluation procedure of WebVoyager (He et al.,
2024), the benchmark uses the trajectory-level suc-
cess rate as the final accuracy.

Exploration and training settings. (1) For the
exploration phase, we use GPT-40 for exploration
with a maximum step length of 15 in 0.1k or 2k ex-
ploration tasks. For the experience summarization
phase, we use GPT-40 to summarize the changes
in the browser’s state before and after the explo-
ration. (2) For the training phase, all our experi-
ments are conducted on Qwen2.5-VL-3B-Instruct
and Qwen2.5-VL-7B-Instruct. For the SFT model,
the batch size is 16, the learning rate is 5.0e-6,
and the number of training epochs is 5, using the
llama-factory (Zheng et al., 2024b) training frame-
work. For the GRPO model, the batch size is 20,
the learning rate is 1.0e-6, the rollout size is 10,
and the number of training epochs is 7, using the
verl (Yaowei Zheng, 2025) framework. All exper-
iments are performed on 4 A800 GPUs. For fair
comparison, all experiments use identical trajec-
tory scales. (3) Our experimental setup consists of
two configurations: the first involves training on
0.1k trajectories derived from Allrecipes, while the
second utilizes 2k trajectories from a previously un-
seen website. We test on seven additional websites
that were entirely excluded from the training data.
More details are shown in Appendix C.

2.3 Results and Analysis

Adapt the task to fit the trajectory with expe-
rience. As shown in Figure 2, coarse trajectory
tasks face problems of mismatch and a lack of strict
constraints. For example, in the coarse task, the
rating is 4.5, but the trajectory shows only 4 stars,
which causes a mismatch. Therefore, constraints
should be derived from exploration experience. By
using experience to modify tasks, we can create
more aligned and strictly constrained advanced
tasks. As shown in Table 1, for the 7B model,
trained with 2k trajectories, PEEU-SFT achieves a
remarkable overall score of 30.6%, which not only
significantly outperforms the competitive Coarse-
SFT of 19.0% baselines but also surpasses the
much larger Qwen2.5-VL-32B Instruct model of
22.7%. This underscores the efficiency of deriv-
ing strict constraints from exploration experience
to enhance model capability. Furthermore, our
method consistently demonstrates superior perfor-
mance and substantial gains across varying model
scales (3B and 7B) and data quantities (0.1k and
2k), validating the general effectiveness of PEEU
in diverse settings.
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Allrecipes Amazon Apple Arxiv Github Coursera Map Wolfram

Overall

Model Method
1D OOD OOD OOD OOD OOD OOD OO0D Total
GPT-40 Vanilla (Hurst et al., 2024) 56.3 53.7 56.6 605 577 65.1 56.9 65.2 59.0
Claude 3 Opus Vanilla (Anthropic, 2024) 459 58.6 58.1 550 569 68.2 55.3 51.5 56.1
Qwen2.5-VL-72B  Vanilla (Bai et al., 2025) 6.6 58.5 25,5 325 170 21.4 36.5 36.9 29.3
Qwen2.5-VL-32B  Vanilla (Bai et al., 2025) 0.0 39.0 16.2 325 219 19.0 34.1 19.5 22.7
Vanilla (Bai et al., 2025) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.1 0.2
Atomic-Prompt (Wang et al., 2024b) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 (-0.2%)
Trajectory-Prompt (Wang et al., 2024b) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 (-0.2%)
Coarse-SFT (Logeswaran et al., 2025) 0.0 0.0 0.0 2.3 24 4.7 2.4 43 2.0 (+1.8%)
Qwen2.5-VL-3B
. . Coarse-GRPO (Logeswaran et al., 2025) 0.0 2.4 0.0 209 0.0 2.3 2.4 17.3 5.6 (+5.4%)
0.1k trajectories
Atomic-SFT (Fan et al., 2025) 22 24 0.0 4.6 7.3 7.1 0.0 15.2 4.8 (+4.6%)
Atomic-GRPO (Fan et al., 2025) 0.0 12.1 2.3 11.6 0.0 9.5 0.0 8.6 5.5 (+5.3%)
PEEU-SFT (Ours) 2.2 7.3 69 11.6 2.4 0.0 4.8 10.8 5.7 (+5.5%)
PEEU-GRPO (Ours) 6.6 243 30 232 97 7.1 0.0 15.2 11.1 (+10.9%)
Vanilla (Bai et al., 2025) 22 7.3 9.3 4.6 9.7 16.6 0.0 13.0 7.8
Atomic-Prompt (Wang et al., 2024b) 2.2 0.0 6.9 4.6 2.4 9.5 0.0 4.3 3.7 (-4.1%)
Trajectory-Prompt (Wang et al., 2024b) 4.4 0.0 0.0 4.6 24 9.5 2.4 6.5 3.7 (-4.1%)
Coarse-SFT (Logeswaran et al., 2025) 0.0 4.8 0.0 4.6 0.0 7.1 4.8 17.3 4.8 (-3.0%)
Qwen2.5-VL-7B
K . Coarse-GRPO (Logeswaran et al., 2025) 0.0 17.0 7.1 20.9 4.8 4.7 12.1 26.0 11.5 (+3.7%)
0.1k trajectories
Atomic-SFT (Fan et al., 2025) 15.5 17.0 1.6 232 0.0 7.1 4.8 19.5 12.3 (+4.5%)
Atomic-GRPO (Fan et al., 2025) 22 19.5 00 186 0.0 11.9 0.0 28.2 10.0 (+2.2%)
PEEU-SFT (Ours) 8.8 243 186 162 73 16.6 73 26.0 15.6 (+7.8%)
PEEU-GRPO (Ours) 4.4 26.8 186 209 219 333 12.1 21.7 19.9 (+12.1%)
Vanilla (Bai et al., 2025) 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.1 0.2
Qwen2.5-VL-3B  Coarse-SFT (Logeswaran et al., 2025) 0.0 12.1 6.9 6.9 9.7 14.2 17.0 39.1 13.2 (+13.0%)
2k trajectories Atomic-SFT (Fan et al., 2025) 13.3 26.8 46 232 73 9.5 17.0 32.6 16.7 (+16.5%)
PEEU-SFT (Ours) 8.8 46.3 139 139 9.7 14.2 21.9 30.4 19.8 (+19.6%)
Vanilla (Bai et al., 2025) 2.2 7.3 9.3 4.6 9.7 16.6 0.0 13.0 7.8
Qwen2.5-VL-7B  Coarse-SFT (Logeswaran et al., 2025) 6.6 34.1 209 209 17.0 14.2 17.0 21.7 19.0 (+11.2%)
2k trajectories Atomic-SFT (Fan et al., 2025) 13.3 51.2 69 255 0.0 9.5 39.0 282 21.7 (+13.9%)
PEEU-SFT (Ours) 17.7 53.6 162 252 195 357 48.7 282 30.6 (+22.8%)

Table 1: Performance across different OOD websites. Bold indicates the highest performance. Underline indicates
the second-highest performance. Overall is the average accuracy of all websites.

Using higher-level tasks provides better cross-
website generalization than lower-level tasks
in real-world websites. As illustrated in Ta-
ble 1, relying on atomic-level tasks, limits cross-
website generalization. Therefore, higher-level
tasks like PEEU are essential for enhancing the
generalization capability of task decomposition
across different websites. For the Qwen2.5-VL-7B
model trained with 2k trajectories, our PEEU-SFT
achieves a overall accuracy of 30.6%, outperform-
ing the Atomic-SFT baseline of 21.7%. For the
Qwen2.5-VL-7B model trained with 0.1k trajecto-
ries, our PEEU-GRPO achieves a overall accuracy
of 19.9%, outperforming the Atomic-GRPO base-
line of 10.0%. Furthermore, this trend is consistent
across different model sizes (e.g., Qwen2.5-VL-3B
and Qwen2.5-VL-7B) and data regimes (e.g., 0.1k
and 2k trajectories), showing that higher-level tasks
provide a more generalization ability for planning
in the unseen web environments.

Without a specially designed prompt pipeline,
direct training is more effective than retrieval
for small models. As shown in Table 1, we apply
both training and retrieval under the same expe-
riences. Because of the limited ability of small
models, using prompts without changing model pa-
rameters does not effectively help them improve
in complex tasks. For example, with the retrieval
method, a 7B model gets scores of 3.7% for both
Atomic-Prompt and Trajectory-Prompt, which are
even lower than the base model score of 7.8% be-
cause their reasoning capabilities are too limited
without any training. Similarly, the 3B model fails
to effectively utilize retrieved context, resulting in
0.0% accuracy across prompt-based methods. In
stark contrast, training methods yield substantial
gains; specifically, PEEU-GRPO boosts the 7B and
3B models to 19.9% and 11.1% respectively. This
shows direct training is more effective than retrieval
for small models.
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Figure 3: This figure illustrates the task decomposition hierarchical analysis framework. The upper part shows
the trajectory of ID, and the lower part shows the trajectory of OOD. Both domains contain three levels: low,
middle, and high. We study three generalization dimensions, including ID bottom-up generalization, ID top-down

generalization and OOD multi-level generalization.

3 Task Decomposition Hierarchical
Analysis Framework

Although PEEU achieves stronger performance,
a critical research question remains: what is the
agent’s capacity for compositional generalization
across different levels of task decomposition? To
answer this and analyze the hierarchical generaliza-
tion capabilities of task decomposition, we propose
the Task Decomposition Hierarchical Analysis
Framework (TDHAF). Illustrated in Figure 3, this
framework enables a rigorous evaluation from three
perspectives: ID bottom-up generalization, ID
top-down generalization, and OOD multi-level
generalization (Appendix D). In this section, we
introduce the analysis framework, data construc-
tion, experimental settings, results and analysis.

3.1 Analysis Framework

To investigate the compositional generalization
ability of models in multimodal web navigation
task planning scenarios, we propose the task de-
composition hierarchical analysis framework. This
framework first defines three levels of task granular-
ity: low-level tasks, mid-level tasks, and high-level
tasks. It further distinguishes between two types of
generalization: in-domain (ID) and out-of-domain
(OOD). Building on this taxonomy, the frame-

work analyzes from three perspectives: bottom-up
generalization in-domain, top-down generalization
in-domain, and multi-level generalization out-of-
domain. Figure 3 provides a detailed example of
the analysis framework. Table 3 illustrates the train-
ing and testing set divisions for the three generaliza-
tion dimensions. Explanations of the three dimen-
sions of generalization are presented following.

ID Bottom-up Generalization. To study
whether the model can generalize from low-level
tasks to higher-level composite tasks in-domain,
we use relatively low-level tasks as the training set
and high-level tasks as the test set. For example,
after the model learns single-step atomic task
mapping, we test if it can generalize to multi-step
subtasks and long-horizon task decomposition.
We test if it can generalize to long-horizon task
decomposition after learning subtasks.

ID Top-down Generalization. To study whether
the model can generalize from high-level tasks to
lower-level tasks in-domain, we use relatively high-
level tasks as the training set and relatively low-
level tasks as the test set, which is the opposite
of the previous experiment. For example, after
the model learns to decompose long-horizon tasks,
we check whether it truly learns the corresponding
subtasks and atomic skills.
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Table 2: Accuracy comparison across different generalization dimensions. 3B Instruct refers to the Qwen2.5-VL-3B-
Instruct model. 3B Low refers to the Qwen2.5-VL-3B-Instruct trained at the low level (atomic level). 3B High refers
to the Qwen2.5-VL-3B-Instruct trained at the high level. Test-ID-Low denotes the in-domain low-level test set.
Test-OOD-Low denotes the out-of-domain low-level test set. The bolded entries indicate the model that achieves
the highest Step SR among the four models on each test set under the same base model.

Model Test-ID-Low

Test-ID-Middle

Test-ID-High

Id  Action Value StepSR 1Id

Action

Value StepSR Id  Action Value Step SR

3B Instruct 30.3  39.5 85.7 17.8 17.1
3B Low 81.2 994  100.0 80.5 28.6
3B Middle 727  98.7 95.7 71.4 66.9
3B High 7713 98.1 95.7 75.3 57.8

9.5 0.0 14.4 9.6 6.7 0.7

83.1 4.3 22.7 123 851 0.0 9.1
95.5 73.9 63.6 325 851 0.0 29.2
94.2 65.2 54.5 649 955 65.2 63.0

7B Instruct  59.1 84.4 73.9 49 .4 43.1
7B Low 90.3 994 100.0 89.6 37.7
7B Middle 87.0 994 95.7 86.4 78.6
7B High 85.1 98.1 87.0 83.1 69.5

41.2 27.3 17.6 35.8
39.6 43.5 16.2 29.2 753 13.0 18.8
92.2 65.2
89.6 39.1 63.6

44.4 20.0 13.2

72.7 46.1 89.6 21.7 43.5
76.6 922 56.5 72.1

Model Test-OOD-Low

Test-OOD-Middle

Test-OOD-High

Id  Action Value StepSR Id

Action

Value StepSR Id  Action Value Step SR

3B Instruct 40.5 63.5
3B Low 81.1 98.6

100.0 31.1 21.9
100.0 79.7 37.8

20.5 333 6.8 164 164 222 0.0
75.7 12.5 35.1 29.7

78.4 0.0 25.7

3B Middle 70.3 100.0 100.0 70.3 48.6  79.7 12.5 44.6 324 784 0.0 31.1
3B High 82.4 100.0 100.0 82.4 459 81.1 12.5 44.6 39.2 811 6.2 39.2
7B Instruct 63.5 919 62.5 56.8 46.6  72.6 20.0 30.1 30.1 644 20.0 16.4

7B Low 89.2 973 93.8 85.1 56.8
7B Middle 83.8 100.0 93.8 82.4 59.5
7B High 81.1 959 75.0 77.0 58.1

78.4 31.2 50.0 37.8 79.7 18.8 33.8
824 12.5 51.4 37.8
824 12.5 54.1 459  8l1.1 6.2

78.4 0.0 35.1
43.2

OOD Multi-level Generalization. To study
whether the model can generalize task decomposi-
tion ability from in-domain tasks to out-of-domain
tasks, we separately use three levels of in-domain
tasks as the training set. We use unseen cross-
website tasks as the test set to evaluate multi-level
out-of-domain generalization. For example, we ex-
amine how well it applies abilities to unseen tasks.

3.2 Experimental Settings

Settings. All experiments are conducted on
Qwen2.5-VL-3B-Instruct and Qwen2.5-VL-7B-
Instruct for SFT. The batch size is 8, the learning
rate is 5.0e-6 and the training epochs are 3, with
llama-factory (Zheng et al., 2024b) framework. All
experiments are conducted on 4 A800 GPUs.

Metric. Following (Deng et al., 2023; Zheng
et al., 2024a), we calculate the accuracy between
predictions and ground truth, which includes the
following four sub-metrics: Id refers to the accu-
racy of interactive element number in the Set-of-
Mark (SoM). Action measures the accuracy of ac-
tion types. Value evaluates the accuracy of action
parameters. Step SR represents the accuracy rate of
a single-step prediction completely matching the
ground truth.

3.3 Results and Analysis

Mastering individual low-level tasks does not
necessarily imply mastery of the correspond-
ing high-level task. As shown in Table 2 and
Figure 3 in the Step SR in-domain setting, the 3B-
model trained in low-level training data achieves
80.5% accuracy in low-level test tasks, but only
9.1% accuracy for the corresponding high-level
test tasks. Similarly, the 7B-model trained on low-
level data achieves 89.6% accuracy on low-level
tasks, but only 18.8% on high-level ones. This
shows that the bottom-up post-training method is
not an effective way for enhancing planning ability.

Using high-level tasks makes it easier to gener-
alize downwards in-domain with greater overall
coverage. As shown in Figure 4 and Figure 6 in
the in-domain setting, we define a task where all
levels succeed as good generalization, and we refer
to this percentage as the coverage percentage (Ap-
pendix G for a formal definition). For the 3B model,
the coverage percentage is 44.8% when trained on
high-level tasks, 22.7% on middle-level, and 3.2%
on low-level tasks. The 7B model achieves 51.9%
(high-level), 36.4% (middle-level), and 9.1% (low-
level) coverage. This shows top-down generaliza-
tion has higher coverage percentage in-domain.
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Figure 4: Generalization distribution pie chart for Qwen2.5-VL-3B. The table shows the distribution of eight types of
generalization. Good generalization means successful generalization to other levels, the larger the better. The good
generalization area expands from left to right, demonstrating high-level task training yields better generalization.
Results for Qwen2.5-VL-7B. The definitions of good/bad generalization are shown in Appendix G.

Using high-level task training can enable the
model to acquire stronger generalization capa-
bilities for multi-level tasks in OOD. As shown
in Figure 4 and Figure 6 in the out-of-domain set-
ting, for the 3B model, the coverage percentage is
33.8% when trained on high-level tasks, 24.3% on
middle-level, and 18.9% on low-level tasks. For the
7B model, the coverage percentage is 37.8% when
trained on high-level tasks, 29.7% on middle-level,
and 25.7% on low-level tasks. This shows that
top-down generalization also has higher coverage
percentage out-of-domain.

4 Related Work

DeepResearch Agent. DeepResearch empha-
sizes broad web searches (Zhang et al., 2025; Li
et al., 2025¢c). Systems like WebSailor (Li et al.,
2025a), WebShaper (Tao et al., 2025), and Web-
Watcher (Geng et al., 2025) focus on information
seeking. But experience summarization and com-
positional generalization analysis (Li et al., 2025b)
remain underexplored. AWM (Wang et al., 2024b),
Agent KB (Tang et al., 2025b), Memento (Zhou
et al., 2025a) and Memp (Fang et al., 2025) con-
struct structured knowledge bases from past explo-
rations using prompt engineering without training.
To bridge this gap, we study compositional general-
ization in task planning and leverage automatically
mined experiences to train agents, enabling them to
achieve stronger web-based planning capabilities
under the same scale of data.

Multimodal Web Navigation Agent. The re-
search on multimodal web agent navigation empha-
sizes vertical depth navigation on web pages (Wang
et al., 2024a; Ning et al., 2025; Zhou et al., 2025b;
Tang et al., 2025a). Open-source models need
two core abilities: grounding and planning (Wang
et al., 2024a; Men et al., 2024; Nguyen et al., 2025).
Some works strengthen grounding for more accu-
rate spatial coordinates (Lu et al., 2025; Luo et al.,
2025; Zhou et al., 2025¢). The SoM representa-
tion can reduce the influence of grounding, making
it easier to study improvements in planning abil-
ity. Prior work often trains on low-level tasks (Gu
et al., 2024; Fan et al., 2025) or distills teacher
trajectories without fully utilizing experiences (Lo-
geswaran et al., 2025; Trabucco et al., 2025). Some
works equip agents with memory to enhance their
planning capabilities (Hu et al., 2025; Wang et al.,
2024b; Men et al., 2025a; Xia et al., 2026). Ad-
ditionally, some studies aim to improve trajectory
quality. One group of methods uses a reward model
to filter trajectories (Men et al., 2025b; Lin et al.,
2025; Jin et al., 2025), and another gives the model
the ability to adapt to its environment with the tra-
jectories (Su et al., 2025; Zhou et al., 2025b; Sun
et al., 2025). Our approach makes high-level tasks
more aligned and constrained, and by leveraging
the TDHAF framework to quantitatively analyze
this capacity from the perspective of planning gran-
ularity, thereby providing stronger generalization
ability in the same data scale setting.
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5 Conclusion

In this work, we propose the Planning Experience
Exploration and Utilization (PEEU) method to en-
hance small MLLMs by leveraging autonomous
exploration and hindsight experience. To analyze
this, we introduce the Task Decomposition Hierar-
chical Analysis Framework (TDHAF) to systemati-
cally evaluate planning compositional generaliza-
tion. Experiments show PEEU significantly outper-
forms larger models on OOD websites, demonstrat-
ing training on aligned high-level tasks is effective
for planning ability generalization.

Limitations

Currently, our evaluation focuses on information-
seeking and navigation tasks across diverse real-
world websites. Due to privacy and security con-
straints, we did not include scenarios involving
sensitive operations such as user login, CAPTCHA
solving, or actual payment transactions. While the
proposed high-level task planning is theoretically
applicable to these scenarios, extending the agent’s
capabilities to handle authenticated sessions and
security protocols remains a direction for future
research.
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A PEEU Prompt

~

(Inference Prompt for WebVoyager

System: Imagine you are a robot browsing the
web, just like humans. Now you need to complete
a task. In each iteration, you will receive an Ob-
servation that includes a screenshot of a webpage
and some texts. This screenshot will feature Nu-
merical Labels placed in the TOP LEFT corner
of each Web Element. Carefully analyze the vi-
sual information to identify the Numerical Label
corresponding to the Web Element that requires
interaction, then follow the guidelines and choose
one of the following actions: 1. Click a Web Ele-
ment. 2. Delete existing content in a textbox and
then type content. 3. Scroll up or down. Multiple
scrolls are allowed to browse the webpage. Pay
attention!! The default scroll is the whole win-
dow. If the scroll widget is located in a certain
area of the webpage, then you have to specify
a Web Element in that area. I would hover the
mouse there and then scroll. 4. Wait. Typically
used to wait for unfinished webpage processes,
with a duration of 5 seconds. 5. Go back, return-
ing to the previous webpage. 6. Google, directly
jump to the Google search page. When you can’t
find information in some websites, try starting
over with Google. 7. Answer. This action should
only be chosen when all questions in the task
have been solved.

Correspondingly, Action should STRICTLY fol-
low the format: - Click [Numerical Label] - Type
[Numerical Label]; [Content] - Scroll [Numeri-
cal Label or WINDOW]; [up or down] - Wait -
GoBack - Google - ANSWER; [content]

Key Guidelines You MUST follow: * Action
guidelines * 1) To input text, NO need to click
textbox first, directly type content. After typ-
ing, the system automatically hits ‘ENTER key.
Sometimes you should click the search button
to apply search filters. Try to use simple lan-
guage when searching. 2) You must Distinguish
between textbox and search button, don’t type
content into the button! If no textbox is found,
you may need to click the search button first be-
fore the textbox is displayed. 3) Execute only
one action per iteration. 4) STRICTLY Avoid
repeating the same action if the webpage remains
unchanged. You may have selected the wrong
web element or numerical label. Continuous use
of the Wait is also NOT allowed. 5) When a com-

plex Task involves multiple questions or steps,
select "ANSWER" only at the very end, after ad-
dressing all of these questions (steps). Flexibly
combine your own abilities with the information
in the web page. Double check the formatting
requirements in the task when ANSWER. * Web
Browsing Guidelines * 1) Don’t interact with use-
less web elements like Login, Sign-in, donation
that appear in Webpages. Pay attention to Key
Web Elements like search textbox and menu. 2)
Vsit video websites like YouTube is allowed BUT
you can’t play videos. Clicking to download PDF
is allowed and will be analyzed by the Assistant
API. 3) Focus on the numerical labels in the TOP
LEFT corner of each rectangle (element). Ensure
you don’t mix them up with other numbers (e.g.
Calendar) on the page. 4) Focus on the date in
task, you must look for results that match the
date. It may be necessary to find the correct year,
month and day at calendar. 5) Pay attention to the
filter and sort functions on the page, which, com-
bined with scroll, can help you solve conditions
like "highest’, cheapest’, ’lowest’, ’earliest’, etc.
Try your best to find the answer that best fits the
task.

For example: Click [3] Type [3]; [apple] Scroll
[WINDOW]; [down] Wait GoBack Google AN-
SWER; [apple is red]

Your reply should strictly follow the format:
Thought: Your brief thoughts (briefly summa-
rize the info that will help ANSWER) Action:
One Action format you choose

Then the User will provide: Observation: A la-
beled screenshot Given by User

User: <image>Now given a task: <task> Please
interact with https://www.example.com and get
the answer. Observation: please analyze the at-
tached screenshot and give the Thought and Ac-
tion. I've provided the tag name of each element
and the text it contains (if text exists). Note that
<textarea> or <input> may be textbox, but not
exactly. Please focus more on the screenshot
and then refer to the textual information. <SoM

Observation>
.

Task Setting Prompt

<image> Analyze the given webpage screenshot
and generate 50 different tasks that users might
want to accomplish on this website. You can
focus on searching for specific items. The task
should be combined with the specific function

-
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rof this website. The tasks should be varied, andN
there should be both difficult and simple tasks.
Output only a JSON-formatted list of tasks with
no additional commentary or explanation. Exam-
ple format: "tasks": [ "task 1 description", "task
2 description", ... "task n description" ]

( 1)
Exploration Prompt

Imagine you are a robot browsing the web, just
like humans. Now you need to complete a task.
In each iteration, you will receive an Observation
that includes a screenshot of a webpage and some
texts. This screenshot will feature Numerical La-
bels placed in the TOP LEFT corner of each Web
Element. Carefully analyze the visual informa-
tion to identify the Numerical Label correspond-
ing to the Web Element that requires interaction,
then follow the guidelines and choose one of the
following actions: 1. Click a Web Element. 2.
Delete existing content in a textbox and then type
content. 3. Scroll up or down. Multiple scrolls
are allowed to browse the webpage. Pay atten-
tion!! The default scroll is the whole window.
If the scroll widget is located in a certain area
of the webpage, then you have to specify a Web
Element in that area. I would hover the mouse
there and then scroll. 4. Wait. Typically used to
wait for unfinished webpage processes, with a du-
ration of 5 seconds. 5. Go back, returning to the
previous webpage. If you scroll down more than
twice and still can’t find the answer, you need to
use "Go back" to return. 6. Google, directly jump
to the Google search page. When you can’t find
information in some websites, try starting over
with Google. 7. Answer. This action should only
be chosen when all questions in the task have
been solved.

Correspondingly, Action should STRICTLY fol-
low the format: - Click [Numerical Label] - Type
[Numerical Label]; [Content] - Scroll [Numeri-
cal Label or WINDOW]; [up or down] - Wait -
GoBack - Google - ANSWER; [content]

Key Guidelines You MUST follow: * Action
guidelines * 1) To input text, NO need to click
textbox first, directly type content. After typ-
ing, the system automatically hits ‘ENTER® key.
Sometimes you should click the search button
to apply search filters. Try to use simple lan-
guage when searching. 2) You must Distinguish
between textbox and search button, don’t type
content into the button! If no textbox is found,

you may need to click the search button first be-
fore the textbox is displayed. 3) Execute only
one action per iteration. 4) STRICTLY Avoid
repeating the same action if the webpage remains
unchanged. You may have selected the wrong
web element or numerical label. Continuous use
of the Wait is also NOT allowed. 5) When a com-
plex Task involves multiple questions or steps,
select "ANSWER" only at the very end, after ad-
dressing all of these questions (steps). Flexibly
combine your own abilities with the information
in the web page. Double check the formatting
requirements in the task when ANSWER. 6) If
you feel the current product does not meet the
task requirements, you can use GoBack action to
return to the previous screen and look for other
products. Don’t just scroll down-learn to go back.
* Web Browsing Guidelines * 1) Don’t interact
with useless web elements like Login, Sign-in,
donation that appear in Webpages. Pay attention
to Key Web Elements like search textbox and
menu. 2) Vsit video websites like YouTube is
allowed BUT you can’t play videos. Clicking to
download PDF is allowed and will be analyzed
by the Assistant API. 3) Focus on the numerical
labels in the TOP LEFT corner of each rectangle
(element). Ensure you don’t mix them up with
other numbers (e.g. Calendar) on the page. 4)
Focus on the date in task, you must look for re-
sults that match the date. It may be necessary to
find the correct year, month and day at calendar.
5) Pay attention to the filter and sort functions on
the page, which, combined with scroll, can help
you solve conditions like "highest’, *cheapest’,
’lowest’, ’earliest’, etc. Try your best to find the
answer that best fits the task.

Your reply should strictly follow the format:
Thought: Your brief thoughts (briefly summa-
rize the info that will help ANSWER) Action:
One Action format you choose

Then the User will provide: Observation: A la-
beled screenshot Given by User

/

Experience Extraction Prompt

Analyze the user’s intent based on the following:
The action performed between these interfaces is
<ACTION>

Task: The first screenshot shows the interface
before interaction, while the second screenshot
displays the interface after the click operation.
Generate descriptions explaining the purpose of

-
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( 1
interaction with the element. Focus on meaning-

ful UI changes (e.g., new elements, transitions, or
data updates, Don’t pay attention to the changes
in the bbox.). Only output the task descriptions

experience.
- J

(Experience Aggregation Prompt )

In this task, there are too many details provided.
I only want to keep the details specified by the
user, and the specific operational details need to
be deleted. Please directly output the processed
string. The task requirement is a declarative sen-
tence, appearing like a real world user task.

kThe raw task is as follows:<low-level task list> ]

B PEEU Algorithm Details

The PEEU algorithm is shown in Algorithm 1.

Algorithm 1 Autonomous Planning with Explo-
ration and Experience Utilization

Require: Website URL, MLLM M, Environment
Env
Ensure: Policy 7 for task-oriented planning
Stage 1: Planning Tree Exploration
Obtain homepage state sy from the given URL
Generate task list: D = M (sg, URL)
for each task d; € D do
Execute actions a; guided by M
Transition: sy11 ~ P(-|s¢, at)
Record trajectory 7 = (s, ag, 1, a1, .. - )
end for
Build  exploration  tree
Explore(M, 7, Env, URL)
Stage 2: Planning Experience Utilization
9: for each trajectory 7 do
10: Extract atomic experiences
(St, at, St+1)
11: Build p = (e, €1,-..,€7)
12: Fuse into PEEU task: d = ® (1)
13: end for
14: Train policy m with SFT and GRPO using
PEEU dataset
15: return trained policy 7

AN A ol S

R =

€t =

For RL training, we set two types of rewards.
The first reward is for format, and the second re-
ward is for answer correctness. For the format
reward, we align with the action space and action
format from WebVoyager. Each reward is 1.0, and
if both are correct, the total reward is 2.0.

if the action follows formats

1.0,
T'format = .
oma 0.0, otherwise,

(6)

1.0, if the predicted answer is correct
Tanswer = 0.0
]

Ry = Tformat + Tanswer- (8)

otherwise,

(M

C PEEU Experiment Details

This section presents the implementation details
of our experiments, including the data processing
pipeline on the WebVoyager benchmark and the
specific settings for In-Domain (ID) and Out-Of-
Domain (OOD) evaluations for PEEU.

(1) We evaluate the planning capabilities of our
models using the WebVoyager benchmark (He
et al., 2024), which comprises real-world multi-
modal tasks across diverse categories such as shop-
ping, research, coding, and travel. To ensure a sta-
ble evaluation environment, we exclude websites
with strict access frequency limits (e.g., Cambridge
Dictionary, Google Search, and Hugging Face).
Consequently, our study focuses on the remaining
accessible websites, which fully comply with terms
of service (He et al., 2024).

(2) To rigorously assess cross-site generalization,
we structure our dataset into distinct In-Domain
(ID) and Out-Of-Domain (OOD) partitions. All-
recipes is utilized as the source for ID exploration
and training. Specifically, we curate two datasets
for the algorithm: ID Set ( 0.1k tasks): Consists of
approximately 100 tasks derived exclusively from
Allrecipes. Supplementary OOD Set ( 2k tasks):
Consists of approximately 2,000 tasks collected
from additional websites. Crucially, the websites
used for the Supplementary OOD Set are distinct
from the 7 held-out websites reserved strictly for
testing. This setup allows us to train/explore on
one specific site (and optionally augment with the
2k OOD pool) while testing on 7 completely un-
seen websites to evaluate zero-shot generalization.
We filter out data with incorrect formats prior to
usage. Following WebVoyager (He et al., 2024)
standard setting, for the experimental hyperparam-
eters, the maximum exploration depth is set to 15
steps. The retrieval module employs all-roberta-
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large-v1 (Reimers and Gurevych, 2020) for seman-
tic matching.

D Definition Details

In this section, we introduce and formalize the defi-
nitions of task planning, and then present the three
levels of task planning granularity in this work, in-
cluding low-level tasks, mid-level tasks, and high-
level tasks. As well as the definitions of in-domain,
out-of-domain and experience.

Task Planning Definition. The task planning is
formally defined as a tuple (Li et al., 2025d; Cao
et al., 2025; Wei et al., 2025):

P= <87-A7 T7 807g>' (9)

Here, S is a set of environment states, A is a set
of actions, T : S x A — S is a state transition
function, sg € S is an initial state, G C S is a set
of goal states. The objective is to find a sequence of
actions (ag, a1, ..., ay) that transforms the system
from the initial state sq to a goal state s, € g.

In the ReAct paradigm (Yao et al., 2023), the
objective is to output the next action given the task
description, history, and current observation. This
can be formally represented as:

a; = w(d, Ho:t, St)- (10)
Here, d is the task description, and Hg; =
{(80, ao), (51, al), ceey (Stfl, at,l)} is the history
of state-action pairs up to time t—1, s; is the current
observation, and 7 is the planning policy that out-
puts the action a;. Upon task completion, we obtain
a trajectory 7 = {(s0, ao), (s1,a1), ..., (Sn,an)}-

Low-level Task Definition. The low-level task is
defined as a single-step task. It is also called the
atomic-level task. For step ¢, the policy 7 uses only
the current low-level task description dj,,, and the
current observation s; to determine the next action:

a; = T(djow, St)- (11)
Mid-level Task Definition. The mid-level task
is defined as a multi-step subtask. For a subtask
spanning steps p to g, the policy 7 uses the middle-
level task description d,,;4, the history H,.; and the
current observation s; to determine the next action:

(12)

ay = ﬂ—(dmidu Hp:tu St)-

High-level Task Definition. The high-level task
is defined as a long horizon, composed of a se-
quence of subtasks. For a long horizon task 0 to
n, the policy 7 uses the high-level task description
dpigh, the history Ho.; and the current observation
s¢ to determine the next action:

a; = T(dnigh, Ho:t, 5t)- (13)

In-Domain and Out-of-Domain. For the TD-
HAF, ID evaluation uses test data from the same
trajectories seen during post-training. The task
description has been paraphrased, while OOD eval-
uation uses test data from entirely new websites not
encountered during post-training. For the PEEU,
ID evaluation uses test data from the same websites
seen during post-training, while OOD evaluation
uses test data from entirely new websites not en-
countered during post-training.

Experience Definition. As defined in Silver and
Sutton (2025), experience is defined as data pro-
duced through an agent’s interactions with the envi-
ronment. Subsequent work (Cai et al., 2025) further
categorizes experiences into trajectories, knowl-
edge and skills summarized from these trajectories.
In this paper, we mainly refer to what is summa-
rized from the trajectory as experience.

E TDHAF Prompt

~N

Build Low Level Prompt for TDHAF

Your task is to generate task descriptions for
CLICK/TYPE/SELECT an on-screen element.
Two screenshots are provided:

Current UI - Shows a interactive element (labeled
"1") with a bounding box.

Post-interaction UI - Highlights changes after
interaction (excluding bounding box disappear-
ance).

Task: Purpose Clarity - Clearly define the pur-
pose of the interaction with the UI element in
both descriptions, ensuring they are functionally
identical but phrased differently.

Ensure the two descriptions serve distinct con-
texts with no overlapping phrasing.

Action Consistency - Use only CLICK, TYPE,
or SELECT as action types, with identical param-
eters in both descriptions (e.g., target element,
input text, or selection option).

UI Change Focus - Describe only observable Ul
changes (e.g., new elements appearing, data up-
dates, transitions) resulting from the action-avoid

-
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( 1
vague or future-oriented statements.

Training vs. Testing Wording - Paraphrase the
purpose distinctly for training (instructional) and
testing (validation) contexts while keeping func-
tional outcomes identical.

Now, generate the two mission-style descriptions
adhering to these rules. Only output the lists,
nothing else.

The raw task is <task>. )

~

(Build High Level Prompt for TDHAF
Please make this task more complex, but do not
change the parameters in this task. Add more
subtasks after this task, and rephrase the original
task with synonymous expressions. This task
and subsequent tasks can be combined into a
more complex task. More complex means that
the current task is a subtask in the middle, and
then more subtasks are added before and after
to merge into a more complex task. But don’t
describe the specific tasks in detail. Please output
two task descriptions that are paraphrases of each
other, in the form of a list of json. The key of
the element is the string task, and the value is the
task description. The raw task is <task>.

rInference Prompt for Multimodal-Mind2web forN
Agent

User:

<image>You are a web agent.

Your task is: <task>

The history is: <history>.

If you want to complete the task, you should out-
put action CLICK/TYPE/SELECT, id and value
in <answer> </answer> tags.

Output the one bbox you should interact with in
JSON format.

Examples:
1. For clicking: <answer>"action": "CLICK",
"value": "" ,"id": 3</answer>

2. For typing text: <answer>"action":
"TYPE","value": "example@email.com", "id":
S</answer>

3. For selecting an option: <answer>"action":
"SELECT", "value": "United States","id": 2</an-
| swer>

J

F TDHAF Data Construction

Raw data is collected from Multimodal-
Mind2Web (Deng et al., 2023; Zheng et al.,
2024a). It is an offline human-expert-annotated

gold trajectory dataset. Employing such a dataset
for analysis offers more significant advantages, as
it enables fine-grained examination of the model’s
behavior at the single-step level, including the
target numbers, action types, action parameters.
The in-domain test and train data come from the
same trajectory, while the out-of-domain test data
come from different trajectories of completely
different websites. The in-domain training and test
data are derived from the same trajectories, but the
questions are rewritten. The training set has 616
samples, and the test set has 684 samples. The data
statistics are shown in Figure 5. The data split is
shown in Table 3. The prompts for generating data
are shown in Appendix E, which are the prompts
for generating low-level tasks and high-level tasks
by GPT-4o.
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Figure 5: Data Distribution for TDHAF.

Table 3: This table shows the TDHAF division of train-
ing and test sets for three generalization dimensions.
ID indicates that training and test are derived from the
same trajectory in the same websites, but the tasks are
rewritten. OOD indicates they come from different tra-
jectories across different websites. L denotes low-level
tasks, M denotes mid-level tasks, H denotes high-level
tasks.

Training Set Test Set

ID Bottom-up Generalization

Train-ID-L Test-ID-L, Test-ID-M, Test-ID-H
Train-ID-M Test-ID-M, Test-ID-H
Train-ID-H Test-ID-H

ID Top-down Generalization

Train-ID-L Test-ID-L
Train-ID-M Test-ID-L, Test-ID-M
Train-ID-H Test-ID-L, Test-ID-M, Test-ID-H

OOD Multi-level Generalization

Train-ID-LL.  Test-OOD-L, Test-OOD-M, Test-OOD-H
Train-ID-M  Test-OOD-L, Test-OOD-M, Test-OOD-H
Train-ID-H  Test-OOD-L, Test-OOD-M, Test-OOD-H
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G Generalization Distribution and
Definition

Let the set of levels be

L = {low, middle, high}. (14)

For a sample x at level £ € L, define an indicator

I({,x) = {1’

0, otherwise.

15)

Good Generalization. The model is considered
to generalize well at some level (low, middle, or
high) if it predicts correctly not only at this level
but also at the other two levels. That means correct
at all three levels. Good generalization means suc-
cessful generalization to other levels, the larger the
better.

Good(¢,x) =1 (16)
ifand onlyif I(¢,z)=1 V¢ € L.
Bad Generalization. The model is considered
to generalize bad at some level if it is correct at
this level, but at least one of the other two levels is
wrong. Bad generalization means failure to fully
generalize to other levels, the smaller the better.

Bad(/,z) =1 ifandonlyif I({,z)=1
and 3¢ € L, ' # ¢ with I(¢',z) = 0.
(17)

Coverage Percentage. Among all samples that
are predicted correctly at their own level, and these
samples that are also correct at all three levels (i.e.,
that achieve good generalization) is called the cov-
erage percentage.
Formally, let
Gy ={z € S¢| Good(¢,z) =1} (18)
be the set of samples that are correctly predicted
at level £ and also satisfy the good generalization
condition. Here, Sy denotes the set of all samples
that are predicted correctly at level £, and T denotes
the entire test set.
The coverage percentage at level £ is then de-
fined as
€

Coverage({) = —— x 100%.

= 19
7| (19)

if the prediction at level / is correct,

H Usage of Chatgpt

The use of ChatGPT is only limited to grammar
checking and linguistic refinement.

I Training Reward Details
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Trained in Low, ID Test Trained in Middle, ID Test Trained in High, ID Test

Generalization Types
LowX MidX Highx
LowX MidX Highv
LowX Midv Highx
LowX Midv Highv
Low~ MidX Highx
Low MidX Highv
Lowv Midv Highx

Low~ Mid~ High/

31 Good Generalization

Bad Generalization

7%

Figure 6: Generalization Distribution Pie Chart for Qwen2.5-VL-7B. Good generalization means successful
generalization to other levels, and the larger it is, the better. Bad generalization means failure to fully generalize to
other levels, and the smaller it is, the better. The good generalization area expands from left to right, demonstrating
high-level task training yields better generalization. Results for Qwen2.5-VL-7B.
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3B coarse - Response Length

3B Atomic - Response Length

3B PEEU - Response Length

Figure 7: RL Training Reward.
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