PERCU: Benchmarking Multimodal Agents on Personalized Computer Use
Tasks

Anonymous ACL submission

Abstract

Large language model (LLM) agents have
demonstrated remarkable potential in automat-
ing digital workflows through multimodal plan-
ning and reasoning. However, providing truly
personalized assistance in computer use re-
mains a significant challenge, as existing bench-
marks predominantly treat agents as context-
independent executors, operating under a ho-
mogeneity assumption that ignores the diverse
user-specific habits and procedural routines. To
address these challenges, we introduce PERCU,
a benchmark designed to evaluate the person-
alized capabilities of multimodal agents on
computer use tasks. PERCU employs a dual-
instruction paradigm where agents must ingest
personalized knowledge from semantically ex-
plicit first instructions and subsequently uti-
lize the resulting memory to resolve ambigu-
ous second instructions. Extensive evaluation
of several multimodal agents on PERCU re-
veals significant deficiencies in their ability
to serve as personalized computer assistants.
Further quantitative analysis using PERCU
provides valuable insights for future research
in developing personalized multimodal agents.
Our code and data will be available at https:
//github.com/scm62519/PERCU.

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) has catalyzed a paradigm shift in ar-
tificial intelligence, transitioning agents from pas-
sive command-followers to autonomous entities
endowed with sophisticated reasoning, planning,
and reflective capabilities (Liu et al., 2023; Mi-
alon et al., 2023). In the domain of computer use,
these agents are increasingly expected to navigate
complex graphical user interfaces (GUIs) to au-
tomate diverse digital workflows. However, data
scarcity remains a primary bottleneck. While users
demand highly tailored assistance, acquiring large-
scale, high-quality labeled data for every unique

individual to train a personalized assistant is practi-
cally infeasible. This tension necessitates a move
toward few-shot personalization (Kim and Yang,
2025), where an agent must rapidly adapt to a user’s
specific preferences and behavioral patterns from
minimal interaction history. Personalization (Liu
et al., 2025; Nandakishor and Anjali, 2025; Shen-
feld et al., 2025) represents the critical evolution
of an agent from a generic automation tool into a
true digital companion. Such an agent functions
as a partner that understands underlying intent and
idiosyncratic habits rather than a cold executor of
literal, context-free commands (Wu et al., 2025).

Despite the burgeoning interest in computer use
agents, current evaluative frameworks, such as OS-
World (Xie et al., 2024b) and WebArena (Zhou
et al., 2023), largely overlook the subjective and
repetitive nature of human-computer interaction.
These benchmarks typically operate under a ho-
mogeneity assumption, where success is measured
against a single, universal execution path. Such
a paradigm ignores the fact that a user’s histori-
cal preferences and long-term routines are decisive
factors in task execution. For instance, in a per-
sonalized educational or research setting, an agent
should not only execute a download but also rec-
ognize that a specific user consistently categorizes
academic PDFs into a “paper” folder and subse-
quently initiates a note-taking routine. As illus-
trated in Figure 1, the failure of existing models to
integrate such personalized knowledge results in
a significant gap between laboratory performance
and real-world utility, highlighting the urgent need
for a benchmark that accounts for personalized
computer use tasks.

Existing multimodal agents lack a standardized
benchmark to test their ability to internalize digital
habits, such as specific file organization patterns or
repetitive software routines, which are essential for
transforming an automation tool into a truly person-
alized assistant. To bridge this gap, we introduce
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Figure 1: Comparison between traditional computer use tasks and personalized computer use tasks. While
conventional agents focus on strictly following literal instructions based on universal defaults, personalized assistance
agents must leverage user-specific knowledge grounded in past interactions. This disparity highlights the critical
necessity of transitioning from rigid instruction-following toward context-aware, long-term personalized assistants

that can resolve ambiguity through behavioral priors.

PERCU (PERsonalization in Computer Use tasks),
the first benchmark specifically designed to assess
the personalized capabilities of multimodal agents
on computer use tasks. PERCU fills this gap by
formalizing and evaluating personalized computer
use tasks via a dual-instruction framework. Our
main contributions are summarized as follows:

* We formalize the definition of personalization
within the computer use paradigm, categoriz-
ing personalized tasks into two distinct types:
preference tasks, which capture static user in-
clinations, and routine tasks, which represent
dynamic, multi-step procedural workflows.

* We propose the PERCU benchmark, a compre-
hensive evaluation suite that requires agents
to leverage short-term memory to resolve per-
sonalized instructions in realistic desktop en-
vironments.

* Through extensive experimentation and in-
depth analysis of five multimodal agents, we
identify critical bottlenecks in current models,
especially regarding the precision of memory
retrieval and the generalization of procedu-
ral knowledge. These findings offer key in-
sights to guide the future development of truly
human-centered digital assistants.

2 Related Work

Benchmarks for Agents. The emergence of
LLMs as autonomous agent cores (Hong et al.,
2024; Niu et al., 2024; Cai et al., 2025; Qin et al.,

2025a) has necessitated the development of rigor-
ous evaluative frameworks to measure their reason-
ing and decision-making capabilities in interactive
environments. Early efforts focused on narrow do-
mains such as tool utilization (Qin et al., 2023) or
coding tasks. More recently, multi-dimensional
benchmarks like AgentBench (Liu et al., 2023)
have been introduced to provide a comprehensive
assessment across diverse settings, including oper-
ating systems, databases, and knowledge graphs.
GAIA (Mialon et al., 2023) shifted the focus to-
ward tasks that are conceptually simple for hu-
mans but challenging for Al, emphasizing tool-
use proficiency and common-sense reasoning. Fur-
thermore, TravelPlanner (Xie et al., 2024a) high-
lighted the limitations of current agents in handling
long-horizon planning with complex constraints.
Moving beyond the browser, OSWorld (Xie et al.,
2024b) and WindowsAgentArena (Bonatti et al.,
2024) introduced unified frameworks for control-
ling entire operating systems, focusing on cross-
application workflows. WebArena (Zhou et al.,
2023) established a milestone by providing a real-
istic, self-hosted web environment for evaluating
agents on end-to-end tasks. This was followed by
Mind2Web (Deng et al., 2023), which introduced
a large-scale dataset for general-domain web navi-
gation. While these benchmarks have significantly
advanced the field, they primarily evaluate agents
as generalist executors and focus on functional cor-
rectness within a zero-shot context, lacking a mech-
anism to evaluate how agents adapt to the evolving
routines or preferences of a specific user and ignor-



ing the idiosyncratic habits that define real-world
human-agent collaboration.

Personalization in LLMs. Personalization in
LLMs (Zhang et al., 2024; WozZniak et al., 2024;
Tan et al., 2024; Chen et al., 2024) has tradition-
ally focused on linguistic style mimicry or topi-
cal preference alignment in conversational settings.
The LaMP benchmark (Salemi et al., 2024) in-
troduced a systematic way to evaluate personal-
ized text classification and generation by providing
models with user-specific history. In the realm
of safety, PENGUIN (Wu et al., 2025) explored
personalized safety alignment, demonstrating that
an agent’s risk assessment should vary based on
the user’s unique background. Closer to our work,
MEMENTO (Kwon et al., 2025) investigated how
embodied agents utilize episodic memory to solve
personalized object rearrangement tasks. Despite
these advancements, personalization in the com-
puter use domain remains largely underexplored.

3 PERCU

3.1 Definition of Personalization in Computer
Use Tasks

Personalization, in the broader context of artificial
intelligence, refers to the tailoring of information,
services, or system behaviors to accommodate the
specific requirements and preferences of individual
users or distinct user groups (Pazzani and Billsus,
2007). While the fundamental objective remains
the enhancement of system relevance and user satis-
faction, the manifestation of personalization varies
significantly across domains. In conversational sys-
tems, personalization is primarily characterized by
the alignment of agent responses with a user’s per-
sona, linguistic style, and historical interaction con-
text (Li et al., 2016). Besides, in recommendation
systems, the emphasis lies in the dynamic genera-
tion of content suggestions, such as advertisements
or products, derived from latent behavioral patterns
(Resnick and Varian, 1997). Furthermore, person-
alization in human-computer interaction focuses
on the system’s adaptation to usage habits, such as
optimized interface layouts or specialized shortcut
configurations, whereas in embodied Al, it necessi-
tates the continuous adjustment of physical action
strategies based on long-term human-robot interac-
tions (Kwon et al., 2025).

In the specific domain of computer use, person-
alization transcends simple content filtering and
enters the realm of complex workflow adaptation.

We formalize personalization within this paradigm
through five core dimensions that collectively in-
fluence how an agent interacts with a desktop envi-
ronment.

The first dimension is User Attributes, which
encompass static profiles such as occupation, age,
cultural background, cognitive style, and personal-
ity trait. These attributes dictate the fundamental
behavioral logic of the agent. Moreover, agents
must account for physical or cognitive constraints.
For instance, a graduate student’s environment may
be centered around document management and ex-
perimental scripts, whereas a software engineer
requires a focus on debugging tools and version
control systems. Moreover, agents must account
for physical or cognitive constraints, such as ad-
justing visual interfaces for users with color vision
deficiencies or prioritizing voice-based commands
for users with motor impairments.

The second and third dimensions focus on Inter-
ests and Behavioral Habits, respectively. Interests
determine topical preferences and the content-level
priority of an agent, such as prioritizing academic
tools over social software or opting for deep techni-
cal summaries over brief abstracts during literature
review tasks. These preferences often extend to
functional choices, such as a user’s predilection
for command line interfaces over GUIs. Com-
plementing these interests are behavioral habits,
which manifest as repetitive usage patterns and in-
teraction frequencies. These include the frequent
use of specific document templates, preferred win-
dow management configurations, or idiosyncratic
keyboard shortcuts. For instance, by internalizing
these patterns from system logs and file metadata, a
personalized agent can autonomously apply format-
ting styles or initialize development environments
that mirror the user’s established digital footprint.

The fourth and fifth dimensions, Task Execu-
tion Flow and Decision-making Style, represent
the procedural and strategic layers of personaliza-
tion. Task execution flow describes the specific se-
quence of actions a user employs to achieve a goal,
such as the distinct routine of searching, down-
loading, highlighting, and summarizing a research
paper. Understanding these idiosyncratic routines
allows the agent to move beyond reactive com-
mand following to proactive workflow automation.
This is further modulated by the user’s decision-
making style, which characterizes their tolerance
for risk and exploration. A conservative user may
demand explicit confirmation before the agent exe-



cutes potentially destructive operations, such as sys-
tem configuration changes or file deletions, while a
cost-sensitive user might expect the agent to prior-
itize energy-efficient operations when battery lev-
els are low. Collectively, these five factors form
the foundational pillars of personalized computer
use, necessitating a benchmark that evaluates an
agent’s ability to synthesize these multi-faceted
signals from the memory.

3.2 Composition of PERCU

The construction of PERCU is grounded in the
high-quality trajectory data provided by the PC-
Agent-E dataset (He et al., 2025), which serves
as the foundational substrate for our evaluation
suite. To adapt these generic automation trajec-
tories for personalization research, we extract the
“thought” sequences and action histories to serve
as the agent’s short-term memory, effectively trans-
forming a standard task execution into a record of
a user’s unique behavior.

Building upon this data foundation, we intro-
duce a dual-instruction paradigm inspired by the
two-stage evaluation framework for personalized
embodied assistants (Kwon et al., 2025). For every
task in PERCU, we manually curate a pair of direc-
tives which include the First Instruction and the
Second Instruction. The First Instruction repre-
sents the initial interaction where the user explicitly
describes their task while embedding one of the five
personalization dimensions discussed in Section
3.1. These instructions are semantically transpar-
ent and detailed. As illustrated in Figure 1, a user
might state, “I’m obsessed with the Titanic story!
Could you find a stunning picture of the Titanic and
set it as my desktop wallpaper?”. During this stage,
the agent executes the task and ingests the resulting
trajectory into its memory bank, thereby internal-
izing the user’s specific preferences or habits as
contextual knowledge.

The Second Instruction simulates subsequent in-
teractions where user prompts become increasingly
underspecified or implicit. Unlike the initial setup,
these “personalized instructions” are often vague,
such as “Can you help me set the desktop wall-
paper to my favorite picture?”. The fundamental
challenge posed by PERCU is whether the agent
can successfully bridge the gap between this under-
specified query and the explicit knowledge stored
in its memory. For example, inferring that favorite
picture refers to the “Titanic” image from the pre-
vious interaction. This setup reflects realistic daily

usage, where users expect an intelligent assistant to
leverage the memory to resolve ambiguity without
requiring repetitive, exhaustive explanations.
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Figure 2: The illustration of two distinct types of tasks
in PERCU.

To further systematize the evaluation, PERCU
categorizes tasks into two distinct types which in-
clude preference tasks and routine tasks. As
shown in Figure 2, preference tasks are designed
to capture a user’s static inclinations toward their
digital environment, typically involving one-time
configurations or long-term default settings. The
success of an agent in these tasks hinges on its abil-
ity to ground abstract personalized entities in spe-
cific configuration instances. In contrast, routine
tasks assess the agent’s mastery of dynamic, multi-
step procedural workflows. These tasks represent
repeatable action sequences, such as a graduate stu-
dent’s specific workflow for filing and summarizing
research papers. While preference tasks focus on
“what” a user likes, routine tasks focus on “how” a
user works, requiring the agent to associate high-
level task intents with unique, structured operation
routines.

3.3 Evaluation Process

The evaluation protocol of PERCU is designed to
systematically quantify the execution accuracy of
multimodal LLM agents across personalized com-
puter use trajectories. We implement an automated
evaluation pipeline that iterates through the JSONL-
formatted task files, traversing each logical step to
assess the agent’s decision-making precision. For
each test instance, the agent is initialized with a



meticulously crafted system prompt that defines its
role as a multimodal GUI operator. This prompt es-
tablishes the behavioral constraints for interacting
with graphical interfaces and mandates a chain-of-
thought reasoning structure (Wei et al., 2022), re-
quiring the model to articulate its cognitive process
before generating a structured action command.
This decoupling of reasoning and execution is piv-
otal for enhancing the logical consistency of agents
in complex desktop environments. System prompt
for PERCU is shown in Figure 4 in Appendix A.

A critical challenge in evaluating personalized
agents is the injection of the necessary personal-
ized knowledge to resolve the underspecified sec-
ond instructions. Following the methodology of
PC-Agent-E (He et al., 2025), we utilize the re-
constructed thought processes that are originally
generated during the thought completion stage as a
form of short-term memory. As illustrated in Fig-
ure 3, the final input is constructed by concatenat-
ing the system prompt, the memory, the screenshot
and the Second Instruction, followed by a standard-
ized query prompt. By providing the agent with
the “thought” from the corresponding step of the
first interaction, we simulate a scenario where the
agent “recalls” the user’s specific habits or proce-
dural preferences while observing the current state
of the screen.

To isolate the agent’s capability at each decision
point and prevent the accumulation of errors typical
in long-horizon tasks, we adopt a step-wise inde-
pendent evaluation strategy. Rather than allowing
the agent to proceed based on its own potentially er-
roneous prior actions, we provide the ground-truth
visual state and the corresponding memory for ev-
ery individual step. The evaluation framework then
compares the agent’s predicted action against the
ground-truth action stored in the PERCU dataset.
For interactive actions such as click, right-click,
or double-click, which involve precise screen co-
ordinates (x,y), we implement a coordinate pars-
ing logic with a spatial tolerance. Specifically, we
calculate the Euclidean distance between the pre-
dicted coordinates and the gold-standard coordi-
nates. An action is categorized as correct if this
distance is within a 50-pixel threshold. This ap-
proach acknowledges the inherent variability in vi-
sual grounding while ensuring the functional valid-
ity of the operation. By treating short-term memory
as an in-context prompt component, our framework
provides a lightweight yet effective mechanism for
assessing personalized retrieval without the need

for extensive model fine-tuning or complex vector
database infrastructures.

4 Experiments on PERCU

To systematically evaluate the performance of mul-
timodal agents in personalized desktop environ-
ments, we conduct extensive experiments on the
PERCU benchmark. Our evaluation focuses on as-
sessing whether current agents can effectively lever-
age short-term memory to internalize user habits
and execute complex routines. We evaluate five
multimodal models that represent different archi-
tectural approaches to GUI automation, providing
a comprehensive overview of the current landscape
of personalized computer use.

4.1 Experiments Setup

Settings. All experiments are conducted in a stan-
dardized vision-only setting, where agents observe
the environment exclusively through screen cap-
tures without access to structured metadata such as
document object models or accessibility trees. To
ensure consistency and avoid coordinate misalign-
ment across different models, the screen resolution
for all evaluation tasks is fixed at 1280 x 720 pixels.
This setup requires agents to possess robust visual
grounding and semantic reasoning capabilities to
map high-level personalized instructions to precise
pixel-space coordinates.

Datasets. The dataset statistics of preference
tasks and routine tasks in PERCU are shown in
Table 1.

Evaluation Metrics. To quantify agent perfor-
mance, we employ two primary evaluation met-
rics which include Micro Average Accuracy and
Macro Average Accuracy.

Macro average accuracy is computed by first cal-
culating the success rate within each task category
(i.e., preference Tasks and routine tasks) and then
taking the unweighted average of these category-
level scores. This ensures that the evaluation is not
biased toward tasks with a disproportionately large
number of steps and accurately reflects the agent’s
balanced proficiency across different personaliza-
tion dimensions. The macro average accuracy is
defined as:

1 L /G
Macro Average A = § = 1
acro Average Accuracy N 2 < Si) , (D
where N denotes the total number of tasks, 7 de-

notes the index of the i-th task, C; denotes the
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Figure 3: An example that demonstrates the evaluation process of PERCU.

Tasks Number of Tasks The Average Length of FI The Average Length of the SI
Preference tasks 121 117.36 104.22

Routine tasks 191 97.30 88.07

All tasks 312 105.08 94.34

Table 1: The dataset statistics of preference tasks and routine tasks in PERCU. “FI” denotes the First Instruction.

“SI” denotes the Second Instruction.

number of correctly predicted steps in the ¢-th task,
S; denotes the total number of steps in the ¢-th task,
and % denotes the accuracy rate of the i-th task.

Micro average accuracy, on the other hand, is
calculated at the step level, representing the pro-
portion of correctly executed actions over the total
number of evaluation steps across all tasks. This
metric provides an overall measure of the agent’s
operational reliability and stability. The micro av-
erage accuracy is defined as:

S, G

Micro Average Accuracy = ‘=
2 =15

2

<.

4.2 Baselines

We benchmark five representative multimodal GUI
agents to establish a competitive performance base-
line. OS-Atlas-Pro-7B (Wu et al., 2024) is eval-
uated as a foundation action model designed for
generalist GUI interactions, leveraging large-scale
cross-platform pre-training to achieve superior vi-
sual perception. GUI-Owl-7B, the core of the
Mobile-Agent-v3 framework (Ye et al., 2025), fo-
cuses on fundamental GUI automation through
a vision-centric architecture optimized for high-
fidelity screen understanding. ShowUI-2B (Lin
et al., 2025) represents an emerging class of one-
vision-language-action models that integrate vi-
sual perception and action prediction into a uni-

fied, lightweight backbone, demonstrating high ef-
ficiency in GUI visual tasks. We also include GUI-
R1 (Luo et al., 2025), a generalist R1-style model
that utilizes long-horizon reasoning and reinforce-
ment learning to handle complex, multi-step inter-
face operations. Finally, we evaluate UI-TARS-
1.5-7B (Qin et al., 2025b), a native agent model
designed for automated GUI interaction that em-
phasizes robust instruction following and real-time
adaptation to diverse software environments. These
baselines span a wide range of parameter scales
and training paradigms, allowing for a multifaceted
analysis of memory-driven personalization.

4.3 Main Results

The overall performance of the evaluated multi-
modal agents on PERCU is summarized in Table
1. Our evaluation methodology prioritizes func-
tional correctness, focusing on the equivalence be-
tween the agent’s generated actions and the ground-
truth execution rather than purely linguistic align-
ment. All existing models substantially underper-
form compared to humans. Among the tested mod-
els, GUI-R1-7B (Luo et al., 2025) achieves the
highest performance with a macro average accu-
racy of 45.56% and a micro average accuracy of
45.23% in all tasks. However, even the most ca-
pable model exhibits a substantial performance
gap when compared to human performance, which



Preference Tasks Routine Tasks All Tasks
Models Macro Acc (1) Micro Acc (1) Macro Acc (1)  Micro Acc (1)  Macro Acc (1)  Micro Acc (1)
ShowUI-2B (Lin et al., 2025) 2.72 3.05 3.95 4.36 347 3.85
GUI-R1-3B (Luo et al., 2025) 31.53 29.46 30.81 29.83 31.61 30.37
GUI-R1-7B (Luo et al., 2025) 48.96 46.72 42.32 43.1 45.56 45.23
GUI-OwI-7B (Ye et al., 2025) 37.27 36.66 39.49 38.56 38.12 36.78
UI-TARS-1.5-7B (Qin et al., 2025b) 19.79 19.48 19.88 19.63 21.28 21.09
0OS-Atlas-Pro-7B (Wu et al., 2024) 11.33 9.88 12.22 10.32 11.66 9.93
Humans 91.08 90.59 91.57 90.94 91.32 90.47

Table 2: Main results of different models on PERCU. “Macro Acc” denotes Macro Average Accuracy (%) and

“Micro Acc” denotes Micro Average Accuracy (%).

reaches 91.32% macro average accuracy. This no-
table disparity, in which human accuracy is nearly
double that of the leading agent, underscores the
significant challenge posed by the PERCU bench-
mark and validates its hardness in capturing the
nuances of personalized computer use.

The utilization of both macro and micro aver-
age accuracy provides a multi-dimensional view of
agent proficiency. Macro average accuracy serves
as a metric for task-level coverage and diversity,
assigning equal weight to each task regardless of its
step count. For instance, in this paradigm, the fail-
ure of a single-step configuration task has the same
impact as a 50-step complex routine, making it an
ideal indicator for assessing the breadth of different
task types an agent can successfully handle. Con-
versely, micro average accuracy reflects the overall
reliability of the agent’s operational sequence. By
assigning equal weight to every individual step,
this metric is dominated by long-horizon tasks that
contain a larger number of actions. It effectively
measures the probability that any given action taken
by the agent is correct, providing insight into the
agent’s stability during extended interactions. The
results indicate that while models like GUI-R1-
7B (Luo et al., 2025) and GUI-Owl-7B (Ye et al.,
2025) show promising capabilities, the degradation
in performance across complex personalized tasks
remains a primary obstacle to achieving human-
level personalized assistance.

5 Discussion

5.1 In-Depth Analysis

The experimental results in Table 2 provide a sober-
ing assessment of the current state of personalized
computer use agents. Even the most advanced
model in our study, GUI-R1-7B (Luo et al., 2025),
exhibits a significant performance gap when com-
pared to humans. Through a detailed error analysis,

we observe that the failures are not merely localized
execution errors but often stem from fundamental
deficiencies in long-horizon reasoning and mem-
ory integration. In routine tasks, agents frequently
struggle with the precision of memory retrieval
over extended action sequences. While the agent
may correctly recall the initial steps of a procedural
routine, the cumulative effect of minor reasoning
drifts often leads to a collapse in the overall task
flow. Conversely, in preference tasks, the primary
bottleneck lies in the agent’s inability to ground
abstract user habits like a specific aesthetic prefer-
ence or a recurring folder organization logic into
concrete GUI actions. Most critically for PERCU,
retrieval failures represent the core obstacle to per-
sonalization. This occurs when the model fails to
extract relevant user habits from the provided mem-
ory. For instance, failing to infer a user’s preference
for a specific software theme even when the his-
torical trajectory explicitly demonstrates consistent
usage. This indicates that while current models
can process short-term context as prompts, they
lack a deep semantic understanding of habits as
persistent behavioral priors. Many models fail to
synthesize subtle cues from past interactions, lead-
ing to generic rather than personalized outcomes.

Beyond personalization-specific failures, we
identify several persistent challenges in the multi-
modal computer use domain. A significant portion
of task failures can be attributed to visual percep-
tion errors, such as the misidentification of small
icons or the inaccurate localization of interactive
elements. These spatial grounding errors are often
exacerbated by coordinate jitter, where the model
predicts a point that is semantically correct but
physically misses the target boundary. Furthermore,
a subset of models continues to suffer from non-
compliance with action formatting requirements.
Even with a mandated chain-of-thought reasoning
structure (Wei et al., 2022), these models occasion-



ally output malformed action strings that cannot
be parsed by the OS environment, leading to im-
mediate task termination. Furthermore, dead loop
is a common type of failure. Dead loop is charac-
terized by repetitive, redundant operations on the
same interface or directory, suggesting a lack of
self-reflection in the agent’s planning module.

5.2 Boundaries of Personalized Capabilities

The advancement of personalized agents introduces
a fundamental tension between effective general-
ization and over-presumptive reasoning, which di-
rectly impacts the safety and practical utility of the
system. While the goal is for an agent to infer more
from less, excessive extrapolation can lead to sub-
jective hubris, where the agent violates user trust
by acting on unverified assumptions. For instance,
if an agent knows a user prefers a blue software
theme, assuming the user also desires a blue desk-
top wallpaper might be a reasonable inference, but
purchasing a blue physical cup based on the same
signal constitutes a severe over-generalization. We
posit that a safe and assistive personalized agent
should operate within clearly defined boundaries.
To facilitate future research, we categorize person-
alized capabilities into a four-level hierarchy, rang-
ing from rote execution to prohibited extrapolation.

At the foundational level, Level O (LO) repre-
sents Rote Memorization, where the agent accu-
rately reproduces learned knowledge in an identical
context. This is exemplified by preference tasks
where the agent recalls a specific entity, such as set-
ting a favorite picture after being previously shown
it. Building upon this, Level 1 (L1), defined as
Procedural Generalization, constitutes the most
significant practical value for desktop agents. In
this stage, the agent applies an acquired workflow
to a novel instance, such as generalizing a specific
file extraction and organization routine from one
project to another. Importantly, L1 focuses on the
generalization of objective workflows rather than
subjective whims, ensuring that the agent remains
a reliable executor of the user’s procedural rou-
tines. We argue that maximizing L1 capabilities
while maintaining LO stability should be the pri-
mary objective of current personalized computer
use research.

In contrast, higher levels of generalization re-
quire significantly more caution. Level 2 (L2), de-
fined as Domain-Specific Interpolation, involves
applying a learned preference to a highly similar
or related digital domain. An example would be

an agent inferring a preference for dark mode in a
code editor based on the user’s consistent choice of
dark themes in the operating system. While logi-
cally sound, L2 necessitates a degree of uncertainty
management to avoid minor user friction. The most
critical boundary, however, is Level 3 (L3) which
is defined as Cross-Domain Extrapolation. This
occurs when an agent takes a preference from a
digital domain and projects it onto an unrelated
physical or financial domain, such as unauthorized
purchasing decisions. Following the safety princi-
ples, such behavior is categorized as a failure of
the agent’s alignment with user intent and must be
strictly prohibited.

Ultimately, the hallmark of a sophisticated per-
sonalized agent lies not in its ability to guess cor-
rectly, but in its ability to recognize the limits
of its memory. For scenarios falling into L2 or
L3 where the personalized requirement is under-
specified or uncertain, the personalized response
should not be unilateral action, but rather proac-
tive, memory-augmented inquiry. For example, in-
stead of presumptively buying a blue cup, a reliable
agent should state: “I noticed you prefer blue in
your software themes. Does this preference extend
to the item you wish to purchase, or would you
like to see all available options?”’. By maximizing
procedural generalization while strictly constrain-
ing cross-domain hallucinations through proactive
clarification, we can develop agents that are both
deeply personalized and fundamentally safe. More
details about future development of personalization
are provided in Appendix B.

6 Conclusion

In this paper, we introduced PERCU, a benchmark
designed to evaluate the personalized capabilities
of multimodal agents on computer use tasks. Our
extensive evaluation of five multimodal agents re-
veals a pervasive performance deficiency in per-
sonalized computer use tasks, particularly when
contrasted with the robust proficiency of human
users. The results underscore that current multi-
modal agents, while proficient in executing stan-
dard instructions, struggle to maintain the conti-
nuity of user-specific contexts and personalized
knowledge. This performance disparity validates
PERCU as a challenging and necessary testbed for
the next generation of human-centered Al systems.



Limitations

Despite the comprehensive design of PERCU, sev-
eral technical limitations remain that present oppor-
tunities for future refinement. A primary constraint
of the current evaluation framework is its depen-
dency on the model’s context window length. In
our protocol, the agent is provided with short-term
memory, specifically the thought sequences from
previous interactions, as an in-context component
of the prompt. Consequently, the scalability of this
personalization approach is inherently bounded by
the token capacity of the underlying multimodal
large language model. As the volume of historical
interaction data or the complexity of procedural
routines increases, a naive concatenation of mem-
ories may lead to a contextual bottleneck, poten-
tially causing the model to experience performance
degradation, memory truncation, or the “lost-in-
the-middle” phenomenon.

Ethics Statement

Ethical considerations are paramount in the de-
velopment of PERCU, as evaluating personalized
agents for computer use necessitates the handling
of digital interaction data that could potentially
contain sensitive information. To mitigate privacy
risks, our benchmark is constructed upon the PC-
Agent-E dataset (He et al., 2025), which was col-
lected following strict local-only recording proto-
cols. During the curation of PERCU, we conducted
an exhaustive manual review of all tasks to ensure
that any potential personally identifiable informa-
tion (PII), such as usernames, email addresses, or
private file contents in the screenshots, was thor-
oughly redacted or replaced with synthetic place-
holders. We emphasize that PERCU is intended
solely for academic research to improve the helpful-
ness and safety of digital assistants, and we strongly
discourage its use in developing systems that by-
pass user consent or security protocols.

Finally, the human baseline reported in our ex-
periments was established through a controlled
study involving 15 participants with backgrounds
in computer science. All participants were in-
formed of the study’s objectives and provided writ-
ten consent for their anonymized performance data
to be used for research purposes. They were com-
pensated with a fair hourly wage consistent with
local research assistant standards. We have also
considered the environmental impact of evaluating
large-scale multimodal models and have optimized

our evaluation pipeline to minimize redundant com-
putations, thereby reducing the carbon footprint
associated with GPU utilization.
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Appendix Overview

Within this supplementary material, we elaborate
on the following aspects:

* Appendix A: Details of Prompts

* Appendix B: Future Development of Person-
alization

A Details of Prompts

System prompt for PERCU is shown in Figure 4.

B Future Development of Personalization

The path toward achieving true personalization ne-
cessitates that multimodal agents move beyond re-
active execution to proactive memory utilization.
Our research highlights that for an agent to mas-
ter personalized capabilities, it must successfully
bridge the semantic gap between underspecified
subsequent instructions (Second Instructions) and
the comprehensive short-term memory of initial
interactions (First Instructions). Specifically, for
preference tasks, the agent must establish a reliable
mapping from abstract user concepts to concrete
digital instances, such as grounding the favorite pic-
ture in a specific file like “Titanic.jpg”. For routine
tasks, the agent must internalize the transformation
from high-level goals to idiosyncratic procedural
workflows, ensuring that repetitive actions follow
the user’s unique organizational logic.

By formalizing these cognitive mappings,
PERCU facilitates the evolution of multimodal
agents from cold executors of detailed commands
into intelligent partners capable of deciphering la-
tent personalized intent. This transition is funda-
mental to realizing the vision of agents that act
as seamless extensions of their users’ digital lives.
As the field moves toward more complex, long-
horizon interactions, the ability to synthesize long-
term episodic memory with real-time GUI obser-
vation will remain the defining characteristic of
truly assistive technology. We hope that PERCU
will provide the community with both the metric
and the diagnostic insights necessary to drive the
development of agents that are not only capable
but also deeply attuned to the individual users they
serve. However, while PERCU effectively assesses
the agent’s ability to utilize localized personalized
knowledge for specific tasks, it does not yet address
the challenges of autonomous memory manage-
ment over extremely long horizons. In our current
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evaluation script, memory is injected as a fixed
prompt to isolate the agent’s reasoning capabili-
ties at each decision point. However, in real-world
deployments, agents must autonomously navigate
vast memory hierarchies and resolve conflicts be-
tween competing or outdated historical priors with-
out the benefit of ground-truth memory injection.
Future iterations of PERCU could explore the inte-
gration of retrieval-augmented generation (Lewis
et al., 2020; Gao et al., 2023; Jiang et al., 2023;
Salemi and Zamani, 2024) or long context compre-
hension techniques (Ding et al., 2020; Manakul and
Gales, 2021; Gao et al., 2021; Ivgi et al., 2023; Rat-
ner et al., 2023) to evaluate how agents handle per-
sonalized knowledge that exceeds their immediate
context window (Packer et al., 2023). Addressing
these bottlenecks will be essential for transitioning
from short-term personalized assistance to truly
persistent and scalable digital companionship.

Looking toward the future development of per-
sonalized multimodal agents, our findings highlight
the urgent need for advanced memory management
mechanisms. Current architectures often treat his-
torical data as a static, flat context, which becomes
problematic when faced with noisy or evolving user
habits. A robust agent must incorporate a forget-
ting mechanism capable of distinguishing between
obsolete long-term habits and the current work-
ing memory. For example, if a user has utilized
ten different naming conventions in the past but
has transitioned to a new project-specific format,
the agent must possess the cognitive flexibility to
suppress stale information in favor of recent con-
textual cues. Future research should thus focus
on dynamic memory weighing and selective recall,
ensuring that agents can maintain high personaliza-
tion accuracy even in the presence of conflicting
distractors in the user’s history.



/You are an advanced Al Computer Operator, a digital agent designed to navigate and manipulate computer operating \
systems just like a human user. Your Identity and Capabilities: 1. Visual Perception: You can perceive the computer
screen as provided in the 'current state'. You rely on visual elements (icons, text, buttons, coordinates) to make

decisions. 2. Human Emulation: You interact with the system using standard Human-Computer Interface devices,
specifically a virtual mouse and keyboard. 3. Goal-Oriented: Your primary mission is to break down complex user
instructions into a precise sequence of atomic actions to achieve the desired outcome efficiently. 4. Safety and

Precision: While you have full permission, you must act with precision. Ensure your coordinates are accurate and your
actions are relevant to the user's goal.

IMPORTANT: You must strictly adhere to the following rules: 1. Choose ONLY ONE action from the list below for
each response, DO NOT perform more than one action per step. 2. Follow the exact syntax format for the selected
action, DO NOT create or use any actions other than those listed. 3. Once the task is completed, output action finish.

Valid actions: 1. click (x, y) click the element at the position (X, y) on the screen. 2. right click (X, y) right click the
element at the position (X, y) on the screen. 3. double click (x, y) double click the element at the position (X, y) on the
screen. 4. drag from (x1, y1) to (x2, y2) drag the element from position (x1, y1) to (x2, y2). 5. scroll (x) scroll the
screen vertically with pixel offset x. Positive values of x: scroll up, negative values of x: scroll down. 6. press key:
key_content press the key key content on the keyboard. 7. hotkey (keyl, key2) press the hotkey composed of key1 and
key2. 8. hotkey (keyl, key2, key3) press the hotkey composed of keyl, key2, and key3. 9. type text: text content type
content text_content on the keyboard. 10. wait wait for some time, usually for the system to respond, screen to refresh,
advertisement to finish. 11. finish indicating that the task has been completed. 12. fail indicating that the task has failed,
of this task is infeasible because not enough information is provided.

\Response Format: {Your thought process}\n\nAction: {The specific action you choose to take} /

Figure 4: System Prompt for PERCU.
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