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Abstract
Graphical User Interface (GUI) agents pow-
ered by Multimodal Large Language Models
(MLLMs) promise human-like interaction with
software applications, yet long-horizon tasks
remain challenging due to memory limitations.
Existing approaches either truncate history or
rely on simple textual summaries, which risk
losing critical information when past visual
details become necessary for future decisions.
In this paper, we propose PAL-UI (Planning
with Active Look-back), a novel framework
that enables GUI agents to adaptively retrieve
past observations when required. PAL-UI com-
bines a dual-level summary agent, capturing
both observation-level cues and action-level
outcomes, with a dedicated retrieval tool that
allows the agent to recall specific historical
screenshots during planning. We curate a step-
level instruction dataset of 8.6K samples from
mobile GUI navigation trajectories and train
PAL-UI-3B and PAL-UI-7B models based
on Qwen2.5-VL. Extensive experiments show
that PAL-UI significantly outperforms baseline
models and prior methods in mobile GUI tasks,
even under data-efficient settings. Moreover,
PAL-UI exhibits strong cross-domain gener-
alization, achieving notable improvements in
web navigation without additional training. Our
work highlights the potential of active memory
retrieval for long-horizon planning capabilities
of vision-based GUI agents.

1 Introduction

Large Language Models (LLMs) have dramati-
cally advanced the capabilities of AI systems in
recent years (Brown et al., 2020; Zhao et al., 2023).
This progress has spurred the development of GUI
agents, i.e., autonomous agents that perform tasks
via graphical user interfaces (GUI) (Wang et al.,
2024; Hong et al., 2024). Early paradigms for
LLM-driven GUI agents typically relied on con-
verting visual interface information into textual
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form (e.g., reading an app’s accessibility tree or
metadata) so that LLMs could process it (Nakano
et al., 2021; Zhang and Zhang, 2023). However,
such text-based representations often require ex-
ternal modules and inject a large number of addi-
tional tokens into the context, limiting efficiency
and fidelity. With the emergence of Multimodal
LLMs (MLLMs) that can directly handle images
as input (Liu et al., 2023), a new vision-based GUI
agent paradigm has surfaced (Gou et al., 2024; Xu
et al., 2024). These agents perceive raw screenshots
of the interface and simulate human-like operations
on the GUI, enabling end-to-end interaction with-
out intermediate text conversions.

A central challenge for long-horizon GUI tasks
is to incorporate memory of past observations and
actions into the agent’s planning process. In tradi-
tional text-based agents, a common strategy is to ap-
pend the entire interaction history to the input con-
text for planning (Yao et al., 2023). Unfortunately,
directly extending this to vision-based agents is
infeasible. Visual observations are much heav-
ier than text, i.e., each image input to an MLLM
is encoded into a large number of tokens (Bai
et al., 2025), quickly exhausting the model’s con-
text length. Moreover, current MLLMs struggle to
reason effectively over many images at once; recent
studies show that their capability to handle multiple
simultaneous images remains quite limited (Zhao
et al., 2024). Simply providing all past screenshots
as input can overwhelm the model with redundant
information and obscure the relevant details. As a
result, existing vision-enabled GUI agents resort
to very restrictive memory usage: some only feed
the most recent action or a brief textual summary
of it into the context (Chen et al., 2024; Xu et al.,
2024), while others retain only a few of the last
screenshots as visual memory (Qin et al., 2025).
These ad-hoc strategies risk losing critical informa-
tion from earlier steps and ultimately constrain the
agent’s performance on complex, multi-step tasks.
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To address the above limitations, we introduce
Planning with Active Look-back for GUI task
(PAL-UI), a paradigm that lets a GUI agent se-
lectively consult its own history on demand. The
key innovation is an active look-back mechanism:
instead of carrying an ever-growing visual con-
text, the agent invokes a tool interface to fetch ex-
act historical evidence (e.g., a screenshot from a
prior step) only when that evidence is relevant for
the current decision. This yields the best of both
worlds, broad access to rich past information with-
out the context bloat and distraction that plague
naïve long-context approaches. The agent runs in
an iterative loop. At each step, it compacts the
trajectory so far into two lightweight summaries:
an observation-level outline capturing salient vi-
sual cues, and an action-level synopsis recording
intents and executed operations. Based on these
summaries, the agent decides whether to look-back
for retrieval or directly predict the next action. In
effect, PAL-UI mirrors how humans briefly “glance
back” at a prior screen when needed using history
as a searchable memory, not as a permanent burden
on the model’s context.

Training an agent to perform active look-back
poses unique challenges, as typical demonstration
datasets lack both tool-use annotations and explicit
reasoning traces. To bridge this gap, we construct
a synthetic instruction-tuning corpus that augments
raw trajectories from AndroidControl (Li et al.,
2024) with simulated tool-calling behavior. Con-
cretely, we design a four-stage deliberated look-
back framework that guides a stronger teacher
model to decide when, what, and how to retrieve
past observations. For these curated trajectories, we
filter for correctness, rebalance samples to prevent
recency bias in retrieval, enrich with non-retrieval
cases to avoid overfitting, and finally standardize
into a structured format. The resulting dataset com-
prises 8.6K high-quality trajectories. We fine-tune
a Qwen2.5-VL (Bai et al., 2025) backbone on this
corpus to obtain two variants, PAL-UI-3B and
PAL-UI-7B, both demonstrating the capacity to
reflect, judge when to look back, and act effectively
in long-horizon GUI planning tasks.

We evaluate our PAL-UI agent on a broad set of
GUI navigation benchmarks. Experimental results
demonstrate that PAL-UI significantly outperforms
the base MLLM on long-horizon mobile UI tasks,
achieving new state-of-the-art performance under
comparable data settings. Notably, by effectively
leveraging historical context, our method yields

higher success rates than prior methods even with
far fewer training examples. Moreover, although
our training data focused on mobile app environ-
ments, the PAL-UI agent exhibits strong zero-shot
transfer to other domains, such as web browser in-
terfaces. It substantially improves task success on
web-based GUI benchmarks compared to baselines,
highlighting the generality of our approach.

2 Related Work

2.1 GUI Agents

With the rapid progress of large language models
(LLMs) and multimodal LLMs (MLLMs), GUI
agents (Gou et al., 2024; Qin et al., 2025) have
made remarkable strides across diverse interface
platforms. Early approaches (Zhang and Zhang,
2023; Zheng et al., 2024a) relied on structured rep-
resentations such as HTML or accessibility trees
for element localization, which struggled to gen-
eralize across environments. Recent studies shift
toward vision-based GUI agents (Gou et al., 2024;
Xu et al., 2024), which perceive screenshots di-
rectly and interact through human-like mouse and
keyboard actions. Such paradigm paves the way
toward more general and scalable GUI intelligence.

2.2 Memory Management for GUI Agents

Previous LLM-based agent systems (Yao et al.,
2023) typically manage memory by appending all
historical observations and actions to the input con-
text. Yet, this poses unique challenges for vision-
based GUI agents. Since their observations are
screenshots (Cheng et al., 2024), storing full visual
histories incurs prohibitive token costs (Bai et al.,
2025) and introduces multi-image inputs that can
hinder reasoning (Zhao et al., 2024). Therefore,
most existing methods (Chen et al., 2024; Xu et al.,
2024; Qin et al., 2025) keep only recent actions
or observations, inevitably losing important infor-
mation. To overcome this, we propose PAL-UI, a
paradigm that enables agents to plan with active
look-back, retrieving specific visual details from
history on demand during inference. This design
preserves rich historical context without suffering
from context explosion or degraded reasoning.

2.3 MLLM-based Tool-use Agents

Enhancing MLLMs with tool calling has become a
vital direction, as external tools help models over-
come inherent capability limits. Early works (Wu
et al., 2023; Yang et al., 2023c) used training-free
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prompting to invoke tools for improved visual per-
ception. Later works, e.g., LLaVA-Plus (Liu et al.,
2024) and GPT4Tools (Yang et al., 2023b), ad-
vanced this idea by synthesizing tool-calling tra-
jectories and fine-tuning models for explicit tool-
use proficiency. With the rise of slow-thinking
reasoning (Jaech et al., 2024; Guo et al., 2025),
recent efforts have shifted toward “thinking with
images” (Su et al., 2025; Zhou et al., 2025), where
tools are invoked during reasoning to modify vi-
sual inputs, yielding substantial gains in reasoning
tasks. For GUI agents, early approaches (Zheng
et al., 2024a) relied on structured cues such as Set-
of-Marks (SoM) (Yang et al., 2023a) or accessi-
bility trees, while recent work like FOCUS (Tang
et al., 2025) introduced a dual-system framework
with fast and slow prediction to improve grounding.
To our knowledge, PAL-UI is the first to leverage
external tools for long-horizon planning in GUI
agents, enabling active retrieval of past visual states
through an active look-back mechanism.

3 Problem Formulation

We consider a GUI-based sequential decision pro-
cess where an agent must achieve a specified goal
by interacting with a user interface. Formally, at
each time step i, the agent receives an observa-
tion oi of the current state (e.g., a screenshot) and
selects an action ai from the set of possible ac-
tions (such as clicking a button, entering text, or
scrolling). Executing action ai changes the inter-
face state, leading to a new observation oi+1. The
process continues until the agent finishes the global
task G, which is typically given as a high-level in-
struction, or reaches a maximum number of steps.

The interaction process can be formalized as a
trajectory τ = (o0, a1, o1, . . . , aT , oT ), where o0
is the initial observation and T is the total num-
ber of steps. The core challenge in this setting
lies in long-horizon planning and memory man-
agement: as T grows, the agent accumulates an
ever-growing history of observations and actions
(often high-dimensional multimodal inputs such
as images with text). A naive strategy of feeding
the entire raw history into a vision-based agent
quickly becomes infeasible due to context length
limits and redundant information. More critically,
without mechanisms for selectively compressing,
retaining, and retrieving salient past information,
LLM-based planners suffer degraded performance,
as essential early-step details become buried within

an overwhelming token stream. Our objective is
to equip the agent with the ability to preserve key
information throughout its interaction history and
perform active look-back when required, all while
operating within realistic context budgets. We fol-
low previous studies (Bai et al., 2025; Qin et al.,
2025) to adopt a unified action space for interacting
with the GUI interface, with more details provided
in Appendix A

4 Approach

We propose PAL-UI (Planning with Active Look-
back), a framework to enhance the long-horizon
planning capabilities of a GUI agent by combin-
ing dual-level summarization of the history with
an active retrieval mechanism. Figure 1 gives an
overview of our approach. In particular, PAL-UI
compresses the interaction history into a succinct
textual memory and equips the agent with a spe-
cial tool to fetch detailed visual information from
past steps on demand. We organize our approach
as follows: first, we introduce the construction
of the summarization agent and the retrieval tool
(Section 4.1); second, we explain how the agent
plans with active look-back at inference time (Sec-
tion 4.2); finally, we describe the training data gen-
eration pipeline used to impart these capabilities to
the agent (Section 4.3).

4.1 Tool Construction and Summary Agent

To prevent the agent’s context from being over-
whelmed by redundant visual tokens, we compress
the history at two levels, i.e., observations and ac-
tions, using a dual-level summary agent. Mean-
while, we introduce a memory retrieval tool that
the agent can invoke to recover observations from
any past step when detailed information is needed.

Observation-level Captioner. At each step, we
first summarize the newly observed visual input
oi to extract task-relevant information. Although a
screenshot may contain cues essential for achieving
the long-term goal, such cues are usually embedded
within a large number of UI elements. Directly ap-
pending all raw observations {o1, o2, . . . , oi} to the
prompt would rapidly exhaust the context window
as i grows, and the model would struggle to locate
important details in the noise. Thus, we generate a
concise observation caption at each step that distills
the salient content of oi, with particular emphasis
on screen text and distinctive UI changes, relevant
to the global goal G. We employ the large vision-
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Figure 1: The framework of our proposed PAL-UI agent. We utilize an observation-level captioner and an action-
level validator for memory compression, and then equip the agent with a retrieval tool to actively recall visual
information from past memory.

language model Qwen-2.5-VL (Bai et al., 2025) as
our captioning module, due to its strong OCR capa-
bility and instruction-following performance. The
captioner is prompted with the current screenshot
oi and the task goal G to produce a brief descrip-
tion focusing on the most relevant UI content (e.g.,
widget labels, displayed messages).

Action-level Validator. Beyond summarizing ob-
servations, we also summarize the outcome of each
action to form an action memory. Prior works on
GUI agents often record only the action sequence
as history (Chen et al., 2024; Xu et al., 2024).
However, without the accompanying state infor-
mation, such action logs provide little insight into
task progress. More importantly, these methods
generally do not verify whether an action actually
succeeded, leaving the agent susceptible to repeat-
ing failed attempts. To address this, we introduce
an action-level validator that produces a compact
natural-language summary of the last action ai and
evaluates its execution result by comparing the GUI
state before and after the action. Using the same
Qwen-2.5-VL model, we prompt it with a triple of
the current action ai, pre-action observation oi−1,
and the post-action observation oi. The valida-
tor then generates a brief assessment, for exam-
ple, “The user typed ‘football’ into the search bar,
and the search results for related content are dis-
played.”. This summary serves two purposes: it
clarifies the intent of ai in natural language (which
can be easier for the LLM to reason than raw ac-

tion code) and it confirms whether ai achieved the
expected effect on the GUI state.

Memory Retrieval Tool. While the dual-level
summaries dramatically condense the history, con-
verting rich visual observations into text can in-
evitably lose some details, e.g., the exact appear-
ance of a screen or an unseen UI element that later
becomes relevant. To allow the agent to recover
such details when needed, we implement a Retrieve
tool (Retrieve) for active look-back. The Retrieve
tool can be invoked with a past step index j and
returns the observation oj (e.g., the screenshot im-
age at step j (j < i)) to the agent’s context. We
add this tool to the agent’s action space, so it can
decide at any point to retrieve a past screen instead
of executing a normal GUI action. The retrieved
image oj is then appended to the agent’s current
context, enabling the model to re-inspect that state
before continuing the plan. In essence, the agent
has the choice to temporarily step back and “refresh
its memory” of a previous interface state.

We adopt index-based retrieval instead of se-
mantic retrieval (Lewis et al., 2020) because GUI
trajectories exhibit strong temporal dependencies:
the screen the agent needs to revisit is typically de-
termined by when it occurred, not by semantic sim-
ilarity. In GUI environments, many screenshots are
visually and semantically similar yet correspond
to different functional states, making embedding-
based retrieval unreliable and prone to retrieving
the wrong step. Index-based retrieval therefore pro-
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vides deterministic, noise-free access to the exact
past observation the agent intends to recall, which
is essential for accurate action prediction.

4.2 Active Look-back Planning Process

With the ability to summarize history and retrieve
past observations, the agent plans actions in a think-
act loop that actively looks back when necessary.
At the i-th step, the agent’s context includes: (1)
the task goal G; (2) the compressed memory mi

up to step i (consisting of relevant summaries of
past observations and actions); and (3) the current
observation oi (the latest GUI screenshot). Using
this context, the agent generates either a concrete
GUI action ai or a retrieval query. There are two
possible outcomes for the planning at step i:
• Direct Action Prediction: In the typical case,

the agent uses the context {G,mi, oi} to directly
predict the next GUI action ai (discussed in Sec-
tion 3). This prediction is informed by the distilled
knowledge in the summaries such as what has been
done so far and what key information is on the cur-
rent screen, allowing the agent to decide the best
next step toward the goal.
• Active Retrieval Action: If the agent is uncer-

tain or needs more details from a previous state, it
can choose to invoke the Retrieve tool for access-
ing previous screenshots. For example, the model
might decide to “look back at the login screen (step
2) to recall the exact error message” before making
a specified GUI action. When the retrieve tool is
called, a past screenshot oj is fetched and added to
the context. The agent then continues with the aug-
mented context {G,mi, oi, oj}, and produces the
next action ai based on both the current state and
the recalled observation from step j. By integrating
this active look-back mechanism into the reason-
ing process, the agent can significantly improve its
prediction accuracy, especially in situations where
subtle details from earlier in the task are needed to
choose the correct action.

Discussion and Comparison. Although PAL-UI
includes both a memory module and retrieval tool,
its design fundamentally differs from prior “mem-
ory + retrieval” paradigms used in text-based and
multimodal agents. Prior works (Lewis et al., 2020;
Qin et al., 2025) typically rely on passive caches
or semantic stores where the model retrieves in-
formation opportunistically or through similarity
search. In contrast, PAL-UI introduces an active
look-back mechanism governed by a deliberated,

step-level reasoning policy: the agent explicitly de-
cides when to retrieve, what to retrieve (the exact
historical step), and why retrieval is necessary for
the current decision. This transforms retrieval from
a peripheral capability into a structured planning
primitive for long-horizon GUI tasks.

4.3 Training Data Construction
Equipping the agent with the above capabilities
requires appropriate training data that demonstrates
when and how to use the retrieval tool. However,
conventional datasets do not contain examples of
tool usage or reasoning traces. We therefore create
a synthesized fine-tuning dataset of tool-augmented
trajectories via a combination of distillation from
a stronger model and careful data curation. The
process consists of four main steps:

Seed Trajectory Collection. We begin with a
large set of human demonstration trajectories from
the training set of AndroidControl (Li et al., 2024),
each consisting of a sequence of GUI screenshots
{o0, o1, ..., oT }, human actions {a1, ..., aT }, and
a global task goal G. These serve as the ground-
truth action sequences that our agent should ideally
replicate. For each trajectory, we run the dual-
level summary agent at each step to generate the
compressed memory mi.

Tool-Use Calling Curation. Given that seed tra-
jectories consist only of observations and ground-
truth actions, they lack explicit tool-use steps. To
construct training trajectories that include retrieval
actions, we require the teacher model to simulate
when and how an agent would invoke the Retrieve
tool. However, prompting the teacher model di-
rectly to produce tool calls proved ineffective, as
the base model was not pretrained on such inter-
actions. To address this gap, we design a four-
stage deliberated look-back framework that grad-
ually guides the teacher to integrate retrieval into
its reasoning. At each step, the teacher model is
prompted to perform the following steps:
• History Revision: The model reviews the com-

pressed memory mi to assess task progress toward
the goal G, ensuring a clear understanding of what
has been done so far.
• Candidate Proposals: The model proposes

several plausible next actions based on the current
observation oi, encouraging it to enumerate possi-
ble strategies rather than committing prematurely.
• Confidence Evaluation: The model reflects

on how confident it is in each proposed action and
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whether it feels uncertain enough to warrant check-
ing something in the past. If the model determines
that a specific detail from an earlier step is needed,
it should invoke the Retrieve tool.
• Tool-Use Action Prediction: Depending on

the previous stage, the model will receive the re-
trieved observation oj (from step j) if retrieval was
requested and then outputs ai with the additional
context.

Data Filtering and Balancing. After synthesiz-
ing a large set of trajectories with tool calling, we
then filter and balance this data to focus on high-
quality examples. First, we discard any sample
where the teacher’s final predicted action ai does
not match the ground-truth human action for that
step, ensuring our training data only contains cor-
rect predictions. Among the remaining samples,
we identify those in which the teacher actually uti-
lized the retrieval tool and succeeded in choosing
the correct action afterward. We found about 4.3K
such high-quality tool-use cases. Since the teacher
model tended to prefer looking at very recent steps,
which might bias the agent to only look back one
step, we increased the sampling weight of samples
where the retrieved step j was further back in his-
tory. Finally, to prevent the agent from overusing
the tool when it’s not necessary, we also include
4.3K high-quality samples where the teacher solved
the step without any retrieval (direct action with
correct outcome). This yields a balanced dataset of
roughly 8.6K step-level samples, half with tool use
and half without, all with correct decisions.

Compilation and Formatting. After obtaining
data samples, we compile them into the Qwen2.5-
VL format for supervised fine-tuning (SFT) (Bai
et al., 2025). At each step, the input consists
of the system prompt, compressed memory mi,
and the current observation oi, while the output
is composed of the reasoning process and ac-
tions. To make a coherent reasoning, we first em-
ploy Qwen3-32B (Yang et al., 2025) to synthesize
all model responses from each stage into a logi-
cal natural language explanation. This explana-
tion will serve as the thinking process, enclosed
in <think></think> tokens. Finally, the action
(Retrieval or other types of actions in Section 3)
is encircled by <tool_use></tool_use> tokens
and the retrieved screenshot will be injected into
the next step. This standardized format teaches the
agent how to reflect, when to look back, and how
to act effectively.

5 Experiments

5.1 Experiment Setup

We conduct extensive experiments across both of-
fline and online benchmarks to evaluate the ef-
ficacy of our approach. For offline evaluation,
We utilize two high-level GUI planning tasks,
AndroidControl-High (Li et al., 2024) and GUI-
Odyssey (Lu et al., 2024). For online evaluation,
we adopt AndroidWorld (Rawles et al., 2024) and
AndroidLab (Xu et al., 2025). Furthermore, we
evaluate our model on Mind2Web (Deng et al.,
2023), a web dataset for cross-platform evaluation.
More information regarding the evaluation bench-
marks and implementation details are presented in
Appendix B.

5.2 Results

Offline Performance. Table 1 presents results
on two offline GUI benchmarks. Compared with
the zero-shot Qwen2.5-VL base models, PAL-UI
achieves significant improvements across all bench-
marks. Specifically, PAL-UI-7B achieves a 58.9%
overall score, marking an 8.3% absolute improve-
ment over the base model. This gain is more pro-
nounced in Step Success Rate (SR); for instance,
PAL-UI-7B achieves 57.8% on AndroidControl-
High, surpassing the base model by 10.7%. No-
tably, although trained exclusively on AndroidCon-
trol, our model exhibits strong cross-domain trans-
ferability, increasing out-of-domain GUI-Odyssey
SR to 41.7%. Furthermore, PAL-UI consistently
outperforms state-of-the-art SFT and RFT base-
lines. With a 58.9% overall score, PAL-UI-7B
surpasses GUI-R1-7B (56.1%) and significantly
outperforms the leading SFT method, NaviMaster-
7B. It establishes new competitive performances in
Grounding Accuracy (70.5% on AndroidControl-
High; 46.8% on GUI-Odyssey) and SR. Finally,
consistent improvement from 3B to 7B variants
validates the scalability of our approach.

Online Performance. We present online bench-
mark results in Table 2. We employ the standard
protocol from mobile-use (Li et al., 2025) frame-
work for evaluation and limit the maximum steps
to 25. As we can see, the baseline approaches
show limited gains, highlighting their constraints
in dynamic environments. Conversely, PAL-UI
achieves substantial improvements: 11.1% on An-
droidWorld and 9.8% on AndroidLab, significantly
outperforming all baselines. These gains are more
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Table 1: Results on two mobile GUI datasets. “Method” indicates the training and inference method. “ZS”, “SFT”
and “RFT” are short for zero-shot, supervised fine-tuning and reinforcement fine-tuning, respectively. Bold and
underline denote the best and second best results.

Model Method
AndroidControl-High GUI-Odyssey

Overall
Type Grounding Step Success Type Grounding Step Success

GPT-4o ZS 63.1 30.9 21.2 37.5 14.2 5.4 28.7
Qwen2.5-VL-3B ZS 47.8 46.5 38.9 37.4 26.5 26.7 37.3
Qwen2.5-VL-7B ZS 68.7 59.7 47.1 55.6 37.8 34.4 50.6

OS-Atlas-4B SFT 49.0 49.5 22.8 49.6 34.6 20.3 37.6
OS-Atlas-7B SFT 57.4 54.9 29.8 60.4 39.7 27.0 44.8

NaviMaster-7B SFT 72.9 - 54.0 64.4 - 36.9 -
UI-R1-3B RFT 57.8 55.7 45.4 52.2 34.5 32.5 46.4

GUI-R1-3B RFT 58.0 56.2 46.5 54.8 41.5 41.3 49.8
GUI-R1-7B RFT 71.6 65.6 51.7 65.5 43.6 38.8 56.1

PAL-UI-3B SFT 60.4 58.7 49.3 56.7 36.9 34.6 49.4
PAL-UI-7B SFT 71.3 70.5 57.8 65.1 46.8 41.7 58.9

Table 2: Performance of PAL-UI on online GUI tasks.
AWSR and ALSR indicates the task-level success rate
for AndroidWorld and AndroidLab, respectively.

Setting Avg. Step AWSR ALSR

OS-Atlas-7B 15.8 20.6 11.9
UI-R1-7B 15.3 23.4 15.7
GUI-R1-7B 13.2 26.8 18.3

Qwen2.5-VL-7B 16.4 19.8 12.3
PAL-UI-7B 11.6 30.9 22.1

pronounced in online tasks than offline settings,
underscoring our method’s potential in such sce-
narios. Furthermore, PAL-UI achieves higher ac-
curacy with fewer average steps, indicating that
the Active-look mechanism facilitates superior
decision-making and prevents behavioral drift from
erroneous actions that typically lead to redundant
reasoning.

Cross-platform Performance. Since PAL-UI is
trained solely on mobile data and evaluated on mo-
bile benchmarks, we further examine its ability to
generalize across platforms. We present the re-
sults of PAL-UI on Multimodal-Mind2Web, an
web navigation benchmark in Table 3. Despite
being trained solely on mobile trajectories, PAL-UI
achieves consistent improvements on web tasks,
with average gains of 3.8 and 2.4 points for the 7B
and 3B models, respectively. While these gains
are smaller than those observed in mobile domain,
they still demonstrate that PAL-UI effectively trans-
fers its planning capability to a different platform.
This ability to maintain performance across dif-
ferent environments highlights the robustness and
generalization potential of our approach.

6 Further Analysis

Ablation Study. We evaluate the components of
the PAL-UI framework, with results summarized
in Table 4. We present our findings below: First,
the dual-level summary agent (SA) consistently
improves performance in zero-shot and SFT set-
tings. For instance, on the out-of-domain GUI-
Odyssey benchmark, SA boosts SR from 34.4 to
38.9, confirming it mitigates information loss in-
herent in action-only memory. Second, while SFT
alone yields in-domain gains (SR on AC-High im-
proves from 47.1 to 53.2), its effect on generaliza-
tion is limited, with only a minor increase on GUI-
Odyssey (34.4 to 36.4). This highlights the dif-
ficulty of transferring knowledge without a richer
memory mechanism. Third, omitting planning with
active look-back (PAL) hampers effectiveness, as
SR drops on AC-High from 53.2 to 52.3. This in-
dicates that without rich historical summaries, the
agent struggles to judge the relevance of retrieved
information for correct actions. Finally, full PAL-
UI, integrating SFT, SA, and PAL, achieves the
strongest results on both benchmarks (SR 57.8 on
AC-High and 41.7 on GUI-Odyssey). These re-
sults show that the synergy of summarization and
active retrieval is essential for robust long-horizon
planning and cross-domain generalization.

Context Length Comparison. We further ana-
lyze the trade-off between context length and per-
formance across three paradigms: PAL-based rea-
soning, action-only memory, and full screenshot
memory. Using 50 trajectories from the Android-
Control test set, we measure input token lengths
for each setting (Table 5). Results indicate that
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Table 3: Cross-platform results of PAL-UI on Multimodal-Mind2web. We report the model performance on three
benchmark splits: cross-task, cross-website, and cross-domain.

Model
Cross-Task Cross-Website Cross-Domain

Operation Element SR Operation Element SR Operation Element SR

Qwen2.5-VL-3B 53.8 26.5 25.9 50.3 25.3 23.4 53.5 30.4 28.3
Qwen2.5-VL-7B 61.3 33.1 32.3 57.1 31.7 29.8 61.0 36.8 34.4

PAL-UI-3B 54.5 27.9 27.6 54.6 25.9 25.1 57.1 33.3 31.9
PAL-UI-7B 68.7 36.0 35.0 69.2 36.4 35.2 69.6 39.6 37.9

Table 4: Ablation results. “SA” indicates summary
agents. “PAL” indicates planning with active look-back
mechanism. “Full” indicates our full approach, where
we train the model on our constructed dataset and lever-
age SA and PAL during inference.

Setting AC-High GUI-Odessey

Type SR Type SR

Zero-Shot 68.7 47.1 55.6 34.4
+ SA 70.9 54.6 62.8 38.9
+ SFT 73.4 53.2 56.3 36.4
+ SFT & SA 72.9 56.3 59.4 38.4
+ SFT & PAL 67.4 52.3 56.6 37.1
+ Full 71.3 57.8 65.1 41.7

Table 5: Comparison of context length and performance
for different paradigm. None: not using memory; +A:
using only actions as memory; + 5O and + AO: using
recent 5 screenshot or all historical screenshots as mem-
ory; +SA: using summary agent for memory processing;
+ PAL: using the full approach.

Setting Len. AC-High GUI-Odessey

Type SR Type SR

None 4.31K 65.4 45.8 52.6 34.6
+ A 4.37K 68.7 47.1 55.6 34.4
+ 5O 12.63K 69.1 48.3 56.8 36.4
+ AO 16.38K 67.8 45.5 54.6 34.9
+ SA 4.97K 70.9 54.6 62.8 38.9
+ PAL 7.33K 71.3 57.8 65.1 41.7

screenshot-based methods consume the most to-
kens with minimal benefit, as redundant visual data
increases computational costs and prediction er-
rors. Conversely, the action-only approach uses the
fewest tokens but performs poorly due to losing
critical historical details. Our PAL-UI balances
these extremes, adding modest tokens while deliv-
ering significant gains. Notably, PAL-UI achieves a
6% average performance improvement using only
44% of the tokens required by the screenshot-based
approach.

Effect of Summarization Models. We conduct
experiments to evaluate how various summariza-

Table 6: Results of PAL-UI with different summariza-
tion models.

Summarization
Model

AC-High GUI-Odessey

Type SR Type SR

Qwen2.5-VL-3B 70.9 57.4 63.8 41.0
Qwen2.5-VL-7B 71.3 57.8 65.1 41.7
InternVL3-2B 69.4 56.2 64.2 39.8
InternVL3-8B 72.5 58.4 64.0 41.3

Table 7: Efficiency analysis on AndroidControl-High.
We report the average inference time per trajectory (sec-
onds) and Step Success Rate (SR) across 100 sampled
test instances. “Base” denotes the Qwen2.5-VL-7B
backbone with action-only memory.

Metric Base
+ SA + SA + PAL + PAL
(3B) (7B) (3B) (7B)

Time (s) 15.1 16.2 16.8 16.9 17.3
SR 48.3 53.9 54.6 57.4 57.8

tion models affect final performance, specifically
leveraging the Qwen2.5-VL (Bai et al., 2025) and
InternVL-3 (Zhu et al., 2025) series. As shown in
Table 6, model choice does not significantly im-
pact overall results. This likely stems from current
MLLMs’ robust OCR and visual comprehension,
which allow accurate extraction of key GUI infor-
mation and identification of action intentions across
screenshots. Consequently, a compact model can
be employed for memory compression to improve
performance with minimal overhead.

Efficiency Analysis. We further evaluate the
computational overhead introduced by the sum-
mary agent and the active look-back mechanism.
Specifically, we sample 100 test instances from
AndroidControl-High and measure the average in-
ference time per trajectory. As reported in Table 7,
PAL-UI introduces only a modest increase in la-
tency: the full approach adds approximately 14.6%
overhead (11.9% with a 3B summary agent model)
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compared to the base model, yet both achieve sub-
stantial SR improvements (+9.5 and +9.1 points,
respectively). This favorable trade-off stems from
PAL-UI’s ability to adaptively decide whether to
invoke look-back. On simpler steps, it bypasses re-
trieval entirely, avoiding unnecessary computation.
These results demonstrate that PAL-UI achieves an
effective balance between performance gains and
inference efficiency.

7 Conclusion

We presented PAL-UI (Planning with Active Look-
back), a framework empowering GUI agents to
selectively retrieve past observations rather than
carrying full history. By combining dual-level sum-
marization with an active retrieval tool, PAL-UI
balances efficiency and completeness, handling
long-horizon tasks with improved accuracy and
reduced context overhead. We introduced a de-
liberated look-back framework for constructing
tool-augmented trajectories, yielding 8.6K high-
quality instruction-tuning samples. Experiments
show that PAL-UI significantly outperforms base
MLLMs and baselines on mobile navigation bench-
marks and generalizes to out-of-domain web envi-
ronments. These results underscore the importance
of active memory retrieval for robust GUI planning.
Future work will explore more complex tasks, rein-
forcement learning integration, and broader appli-
cability to real-world interactive systems.

8 Limitations

In this paper, we present PAL-UI, a framework
that enables GUI agents to proactively retrieve
historical memories to enhance reasoning. Al-
though PAL-UI achieves promising performance
on downstream benchmarks, certain limitations re-
main. First, while we construct valuable tool-use
data, the current trajectories primarily focus on mo-
bile tasks, leaving the potential of our approach
on web or desktop platforms not fully explored.
Second, the proposed method can be integrated
with reinforcement learning to further enhance the
flexibility and effectiveness of proactive retrieval.
Third, additional memory editing tools can be in-
corporated for more efficient context management
within GUI scenarios. We will further investigate
these directions in future studies.
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Table 8: Ablation results with different training ap-
proaches.

Setting Time AC-High GUI-Odessey

Type SR Type SR

Zero-Shot - 68.7 47.1 55.6 34.4
+ SFT 1.3h 73.4 53.2 56.3 36.4
+ RL 9.4h 71.9 56.7 61.8 39.1
+ PAL-UI 2.4h 71.3 57.8 65.1 41.7

A Action Spaces

We follow previous studies (Bai et al., 2025; Qin
et al., 2025) to adopt a unified action space for
interacting with the GUI interface. Specifically, we
introduce the following three types of actions:
• General actions across all platforms: Click,

Type, Scroll, Drag, Wait, and Finished;
• Actions for mobile platform:

LongPress,OpenApp, PressHome, and
PressBack;
• Actions for web platform: Hotkey,

LeftDouble, and RightSingle.
Note that some actions may require action-

related content (e.g., coordinates for Click and
text string for Type). During inference, we prompt
the GUI agent to generate a reasoning text and
an action, encircled in <think></think> and
<tool_use></tool_use>.

B Experiments Setup

B.1 Datasets and Metrics

We conduct extensive experiments across both of-
fline and online benchmarks to evaluate the effi-
cacy of our approach. Initially, we utilize two
high-level GUI planning tasks: AndroidControl-
High (Li et al., 2024) and GUI-Odyssey (Lu et al.,
2024). To further examine the model’s perfor-
mance in dynamic environments, we incorporate
two more challenging online benchmarks, An-
droidWorld (Rawles et al., 2024) and Android-
Lab (Xu et al., 2025). Furthermore, despite being
trained exclusively on mobile data, we evaluate
our model on the Mind2Web (Deng et al., 2023)
dataset for cross-platform evaluation. For offline
mobile task, we follow prior work (Gou et al., 2024;
Xu et al., 2024) and adopt a subtask-level eval-
uation paradigm where we examine the model’s
prediction on each step and report the Type Match
Score, Grounding Accuracy (GA), and Step Success
Rate (SR) for offline mobile task. For offline web
task, we following the official evaluation protocol
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Response from PAL-UI for step 25 

Goal: Using Firefox Browser, search for a recipe for Chocolate Chip 
Cookies. Then, utilize TickTick to create a shopping list of the main 
ingredients. Finally, add these items to your cart on Ebay.

Captions for step 16
The screenshot shows the "Ingredients" section of a recipe in the goodFOOD app. It 
lists various ingredients needed for a recipe, including salted butter, muscovado sugar, 
granulated sugar, vanilla extract, an egg, plain flour, bicarbonate of soda, salt, and 
chocolate chips. The layout is clean, with each ingredient listed in a separate row. 

Step 16 Step 25

<think> To continue with the goal, I need to search the gradients for chocolate chip 
cookie recipe in Ebay. From the existing memory, we need to look back through past 
screenshots to find recipe details for enhancing our predictions. </think>
<tool_use> {"name": "Retrieve", "arguments": {"index": "16"}} </tool_use>
<retrieved_image>
<tool_use> {"name": "type", "arguments": {"text": "light brown muscovado sugar"}} 
</tool_use>

... ...

Figure 2: An illustrative example of active look-back mechanism.

and reporting Operation F1 (Operation), Element
Accuracy (Element), and Step Success Rate (SR).
For online tasks, we report the overall task success-
ful rate.

B.2 Implementation Details

Following prior work (Luo et al., 2025), we em-
ploy 3B and 7B variants of Qwen2.5-VL (Bai et al.,
2025) as the backbone model and use the 7B ver-
sion as the summary agent for its potential in ba-
sic GUI scene understanding. All training and
evaluation processes are conducted on 8 NVIDIA
A100-80G GPUs. For SFT training, we follow
previous studies and utilize LLaMA-Factory frame-
work (Zheng et al., 2024b). We set the global batch
size to 8 and learning rate to 1e − 5. During in-
ference, we utilize the same prompt with unified
tool-calling method across all experiments to en-
sure a fair comparison.

C Supplementary Results

Ablation of Different Training Strategies We
evaluate the impact of different training strategies
on model training. Specifically, we evaluate three
training approaches: SFT, RL, and our proposed
PAL-UI. To ensure a fair comparison, we use the
same previously collected 8.6K instruction dataset
for training. For SFT, we directly used the original
seed dataset without incorporating the PAL module.
For RL, we employ the same seed dataset and ad-
here to the reward design outlined in GUI-R1 (Luo
et al., 2025) for training. We set the temperature to
1.0 and sample 8 responses for rollout. All models
are trained for one epoch. The results are presented
in Table 8. As can be observed, RL significantly
outperforms SFT, demonstrating its superior gen-
eralization capability, which aligns with findings
from prior works. PAL-UI surpasses both SFT and
RL, indicating that PAL-UI achieves the best per-
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Figure 3: The distribution of distance for retrieval steps.

formance using same data. In terms of training
time, RL demands substantially more time than
SFT. In comparison, although PAL-UI introduces
a slight increase in context length due to the sum-
mary agent and active look-back mechanism, re-
sulting in marginally longer training time than SFT,
it achieves markedly better performance, thereby
substantiating its superiority.

Analysis of Retrieval Behavior. We further ana-
lyze how the agent employs the retrieve tool during
planning. Concretely, we sample 100 agent re-
sponses from the AndroidControl test set in which
the retrieval tool is invoked, and record the distance
between the retrieved step and the current step (Fig-
ure 3). The results show that most retrievals occur
within five steps of the current step, with the max-
imum distance extending to eight steps. This ten-
dency likely reflects the relative simplicity of cur-
rent navigation benchmarks: tasks usually involve
short, localized interactions (e.g., simple GUI ma-
nipulations) that demand only limited long-range
memory. We believe that in more complex or se-
mantically demanding GUI environments, where
long-distance dependencies play a larger role, the
benefits of active look-back may become even more
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pronounced.

Case Study. To quantitatively analyze our pro-
posed PAL-UI agent, We present a case study about
the active look-back mechanism in Figure 2. As we
can see, although the proposed observation-level
captioner can preserve effective information via
screenshot captions, it’s sometimes unable to fully
capture all details, which might be important in sub-
sequent steps. In this case, the agent is required to
determine the input for the type action on eBay app
(to purchase the corresponding ingredient) based
on the observation at step 16. However, although
the captions successfully record the type of ingre-
dient, certain detailed information is lost (e.g. the
quantity of ingredients and the specific subtype of
ingredients). Through our proposed PAL module,
the agent is able to revisit the observation screen-
shot from this step and make an accurate decision
(typing “light brown muscovado sugar” instead of
merely “muscovado sugar”).

D Use of AI Assistants

All AI-assisted language edits were reviewed and
verified by the authors; any use of LLMs in the
methodology is documented above.
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