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ABSTRACT

Mobile GUI agents increasingly operate on interfaces influenced by users’ histories
and preferences, but their reliability across different users remains underexplored.
We introduce PAIR (Personalized Application-state Instantiation and Rendering),
a pipeline for constructing user-conditioned application states that enables con-
trolled evaluation of the same task across different users. We further introduce
RePAIR (Reinforcement learning with Personalization-Aware Interaction Rewards),
a training approach that learns from cross-user differences in subgoal outcomes
to improve reliability across user-conditioned mobile environments. Across six
agents, we find substantial variation in task success across users and consistently
lower subgoal achievement in user-conditioned UI contexts (6.98 to 15.4 pp). This
gap further increases for personal targets drawn from each user’s own content
(8.77 to 22.0 pp). Failures in these contexts frequently involve selecting another
item instead of the intended target, particularly before target exposure. Finally,
RePAIR improves user-conditioned SAR (+5.87 pp), all-success (+7.50 pp), and
overall Task SR (+9.42 pp) over its supervised fine-tuning parent on unseen users,
providing initial evidence that explicitly learning from cross-user variation can
improve GUI-agent reliability.

1 INTRODUCTION

Recent advances in mobile GUI agents have enabled them to interpret natural-language requests,
interpret graphical user interfaces, and perform actions in a human-like manner (Zhou et al.| 2025}
Qin et al} 2025} [Liu et al.| [2024} Zhao et al 2025a). However, GUI agents’ action predictions
are sensitive to interface presentation, including layout and element positioning (Yu et al.| [2026;
Wang et al., [2026b; |Chen et al., [2025; Yang et al., |2026¢)). In deployed mobile GUI agents, interface
variations naturally arise from users’ prior interactions and activity histories.

Such user-dependent interface differences can lead to cross-user reliability failures, where an agent
that succeeds for one user may fail on the same request for another. Figure [T] shows how user-
dependent interfaces can lead an agent to different types of failure, for instance, selecting a visually
similar but incorrect target or prematurely concluding that the requested target is unavailable. Our
analysis of users’ real mobile interactions from FingerTip 20K (Yang et al.|[2026b) likewise indicates
2 6.41% (SD 2.38) lower success rate (24.71% vs. 31.12%) on labeled target-bearing screen segments
containing user-conditioned elements. However, because FingerTip 20K varies both tasks and screen
states, it does not support controlled evaluation of the same request across user-conditioned interfaces.

To address this problem, we introduce PAIR (Personalized Application-state Instantiation and Ren-
dering), a pipeline for constructing user-conditioned application states from user profiles. PAIR
extracts application-relevant user preferences, matches them to candidate content for each application
based on semantic similarity, selects the highest-ranked content, and renders it in each application’s
Ul By varying user-conditioned content while keeping the application structure, PAIR enables
controlled cross-user evaluation of the same task. Additionally, we introduce RePAIR (Reinforcement
learning with Personalization-Aware Interaction Rewards), a training-based approach to improve
cross-user reliability by explicitly learning from differences in agent performance across users. Re-
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Figure 1: The same request can require navigating different user-conditioned interfaces. We evaluate
whether GUI agents remain reliable across users and trace how user-conditioned content disrupts task
progress and target selection.

PAIR compares the outcomes of subgoals, goals associated with benchmark-defined Ul contexts,
across different users’ environments under the same task condition and reinforces successful behavior
in user-conditioned contexts, where the visible interface content varies across users. By leveraging
these cross-user differences as a training signal, RePAIR aims to improve consistent task execution
across user-conditioned application states.

Using the user-conditioned application states generated by PAIR, we evaluate whether agents complete
the same task consistently across users and where cross-user reliability breaks down. Our evaluation
reveals four main findings. First, task success varies substantially across users, with a maximum gap
of 9.31 pp between the best- and worst-performing users. Second, subgoal achievement is consistently
lower in user-conditioned contexts than in user-agnostic contexts, where the visible UI does not
depend on the user (+12.0 pp). This gap becomes larger for personal targets where the agent must
identify a target drawn from the user’s own content (+14.4 pp). Third, in user-conditioned contexts,
subgoal failures involve selecting another item instead of the intended target. These errors occur
more frequently for personal targets, particularly before target exposure, when additional navigation
is required to reach the intended target. Finally, RePAIR improves user-conditioned SAR by 5.87
points, the all-success rate by 7.50 points, and overall Task SR by 9.42 points over its SFT parent
on unseen users, suggesting that explicitly training on cross-user differences in user-conditioned
subgoals can improve reliability across unseen users.

We summarize our key contributions as follows:

* We introduce PAIR, a user profile-based pipeline for constructing user-conditioned GUI
environments that enables controlled evaluation of the same task across different users.

* We provide an empirical study of cross-user reliability, showing (i) substantial variation in
task success across users, (ii) lower subgoal achievement in user-conditioned contexts, and
(iii) more target-selection errors for personal targets, especially before target exposure.

* We introduce RePAIR, a training approach that leverages cross-user differences in subgoal
outcomes to improve reliable task execution across user-conditioned environments.

2 RELATED WORK

2.1 GUI AGENT ROBUSTNESS UNDER INTERFACE VARIATION

GUI agents have evolved from grounding instructions in structured GUI representations to perceiving
and acting on rendered interfaces (Deng et al., |2023; |Cheng et al., 2024} [Wu et al., [2025)). Re-
cent systems integrate visual grounding, reasoning, and action prediction in a unified interaction



Table 1: Comparison of GUI-agent evaluation settings. The four dimensions are UI Variation, whether
UI variations are explicitly evaluated; User Context, whether user preferences or histories are used;
User-Conditioned GUI, whether personal records shape the app state; and Cross-User Comparison,
whether the same task is evaluated across user-conditioned application states.

User-Conditioned Cross-User
Evaluation setting UI Variation User Context GUI Comparison
GUI-Perturbed (Wang et al.,|2026b) v X X X
GUI-Robust (Yang et al.,[2026a) v X X X
D-GARA (Chen et al.|[2026a) v X X X
PSPA-Bench (Nie et al., [2026) X v X X
Persona2Web (Kim et al., 2026) X v X X
KnowU-Bench (Chen et al.,|2026b) X v X X
FingerTip 20K (Yang et al., 2026b) X v v X
iOSWorld (Jang et al.}[2026) X v v X
PAIR (Ours) v v v v

loop (Zheng et al., [2024; |Q1n et al.| | 2025). This shift highlights the need for robustness to variations
in interfaces. Visual attributes affect web-agent selections (Yu et al.| 2026), while zoom perturbations
reduce grounding accuracy (Wang et al.,|2026b). Prior methods address GUI complexity through
context simplification (Chen et al., 2025} and adaptive visual focus (Ge et al., 2025). Meanwhile,
benchmarks evaluate robustness using static anomaly datasets (Yang et al.,|2026a) and dynamically
injected disruptions (Chen et al.,|2026a). Together, these studies show that reliable GUI interaction
requires robustness to dynamic conditions, not just target recognition on fixed screens.

Personalization, however, creates persistent, user-conditioned variation beyond temporary or synthetic
perturbations. HCI research shows that usage history and personalized content shape interface
presentation (Findlater & McGrenere, 2004} Eslami et al.l 2015)), while user-specific records shape
the content and context of modern applications (Jang et al. [2026). Existing robustness studies
nevertheless focus on synthetic or transient changes, leaving reliability across persistent, personalized
application states underexplored.

2.2 PERSONALIZATION IN MOBILE GUI AGENTS

Existing personalization methods for mobile GUI agents use user preferences, routines, and histories
to infer intended actions or provide proactive assistance (Wang et al.| [2026aj Lyu et al.| [2026)).
In contrast, we study whether an agent can reliably execute a fixed instruction when the mobile
interface itself varies with user-specific content and state. Prior mobile evaluations examine either
robustness to runtime interface disruptions (Chen et al., 2026a) or personalized interaction based on
user context (Nie et al.,|2026; |Yang et al., [2026bj Jang et al., 2026} |Chen et al., 2026b). However,
they do not directly test whether the same instruction and target remain reliable across different user-
conditioned mobile application states. We address this gap through controlled cross-user evaluation.
As summarized in Table[Tl

3 MOTIVATION: REAL-WORLD MOBILE GUI AGENTS ENCOUNTER
USER-CONDITIONED INTERFACES

To investigate how user-conditioned content influences mobile GUI agents in everyday interfaces, we
evaluate six widely used open-source agent models on Fingertip 20K (Yang et al., 2026b), which
captures screenshots and action sequences from users’ real mobile interactions. We analyze 103,199
screenshot—action steps spanning 12,016 episodes from 102 apps, collected from 83 users. We group
consecutive interactions on the same screen into 60,383 screen segments, and success requires every
scored action in a segment to be correct. Across all evaluated agents, segments containing user-
conditioned elements, labels unique to a given user within each application, show a mean decrease in
success of 4.88 pp (SD 1.50) relative to those without them (Figure [2a)).
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Figure 2: GUI-agent behavior on FingerTip 20K. (a) Success by the presence of user-conditioned
content. (b,c) Example failures: the agent (b) selects a user-specific shop name instead of Track
package and (c) overlooks a user-specific unread chat in favor of Discover group chats.

Figures[2bland [2d]illustrate two types of errors influenced by user-conditioned elements. In the first
case, the user asks to check the delivery status of the first order. The user intends to select the order’s
Track package button, but the agent selects the shop name instead, incorrectly assuming it leads to
the order details, where delivery information can be found. In the second case, the user asks to view
new messages in a group chat. The intended action is to open the visible group conversation with
an unread badge, but the agent selects the shared Discover group chats entry instead, incorrectly
assuming that it provides access to new messages in the user’s group chats. These examples highlight
the need to interpret user-conditioned content in relation to the instruction and identify the appropriate
target in the current application state. See more details in Appendix [A]

These observations suggest that user-conditioned content can interfere with reliable action selection.
However, because FingerTip varies tasks and screen states together, it cannot determine whether the
same request is completed consistently across different users’ application states. We refer to this
consistency as cross-user reliability. We therefore suggest PAIR to control for the instruction and
target while varying user-conditioned application states and study the following questions:

* RQ1: How robustly do mobile GUI agents complete the same request across user-
conditioned interface states?

* RQ2: Where does task progress break down in user-conditioned interfaces, and how do
failure patterns vary with the semantic alignment between the target and the interface?

4 PAIR: PERSONALIZED APPLICATION ENVIRONMENT GENERATION

We introduce PAIR (Personalized Application-state Instantiation and Rendering), a pipeline that turns
user profiles into personalized, executable GUI environments. PAIR provides a controlled cross-user
evaluation environment by pairing user-conditioned application states with matched task templates
and success criteria. This section describes the environment generation pipeline, task design, and
evaluation protocol. Figure[3]illustrates the pipeline overview.

4.1 CROSS-USER RELIABILITY FORMULATION

Our goal is to assess cross-user reliability, defined as the ability of a mobile GUI agent to execute the
same request consistently across different users’ interfaces, and to identify where task progress breaks
down during execution. Given an instruction ¢ and user p’s application state, the agent observes a
screenshot o; and selects an action a; at each interaction step ¢:

(Otaat)a ()

where 7 denotes the GUI agent, h; = (0, ao, . . ., 0¢) is the interaction history available to the agent,
and s; denotes the interaction step. Each action updates the application state, and repeating this
process yields the interaction trajectory 7, = (s, S1, ..., S7—-1).

at = ﬂ-(qa ht)a St =
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Figure 3: Overview of PAIR. (i) Given a user and app profile, PAIR extracts user preferences and
filters them according to their relevance to each application. (ii) It then scores candidate application
entities using exact matching for explicit entity preferences and semantic similarity for general
preferences. (iii) The highest-ranked entities are selected and instantiated in the corresponding
application state, which is rendered as a user-conditioned interface.

For each task, let g(¢) = (g1, - . -, g ) denote the ordered subgoals along a reference execution path.
Each subgoal gy, specifies an objective associated with a predefined Ul context in which that objective
can be completed, which we call its subgoal context. For user p and subgoal g, let I,, ;. denote the
set of step indices, ordered by time, that occur in the corresponding subgoal context. We define
the context-specific interaction sequence as 7, r = (s¢)¢c1, . Because an agent may revisit the
same context multiple times, I,, ;, may contain non-consecutive indices, and 7, ;, therefore aggregates
interactions across repeated visits to the same subgoal context.

In our setting, the visible interface state varies across users while the underlying application structure
and interaction logic remain fixed. We distinguish user-conditioned (UC) contexts, where relevant
visible content varies across users, from user-agnostic (UA) contexts, where the relevant interface
content is shared across users, such as common navigation controls. Accordingly, each subgoal
context receives a label ¢, , € {UC, UA}: UC when it contains relevant visible user-conditioned
elements, and UA otherwise. This labeling groups the corresponding subtrajectories by context type.

4.2 ENVIRONMENT GENERATION PIPELINE

PAIR constructs user-conditioned application states from interests and attributes derived from user
profiles, as illustrated in Figure[3] The framework proceeds in three stages: (i) profile encoding, which
extracts application-relevant preferences from the user profile and candidate entities, content items
that can appear in the application state, from the application profile; (ii) user-app entity similarity,
which measures their correspondence through exact matching or semantic similarity; and (iii) entity
selection, which selects the highest-ranked entities to instantiate the application state.

We first apply user interest filtering to retain preferences associated with user p’s active interests,
followed by app relevance filtering to retain those relevant to application A. Let P, 4 = {u;} denote
the filtered preference values for user p and application A, and let £4 = {e; } denote the candidate
entity pool for application A. For each candidate application entity e;, we define its relevance as

1, if e; directly matches any preference value u; € Pp 4,
r(ej) = max cos(f(u;), f(e;)), otherwise. 2

where f(-) is a multilingual sentence encoder. We rank candidate entities by 7(e;) and use the highest-
ranked entities to populate application-specific collections. To instantiate executable environments,
we build on MobileGym [Wu et al.| (2026), injecting the selected entities into user-specific runtime
states according to each application’s native schema. Structured records are created in their respective
schema. The resulting states are rendered by the original application UI. (See Appendix



4.3 TASK DESIGN

PAIR constructs task instances by pairing generated user-conditioned states with task templates. Each
task template defines the required operation, target UI context, and success criterion, while the target
and instruction are varied across conditions. For each user and template, we instantiate tasks along
two axes: farget type and instruction type. For more information, see Appendix [B.2]

Target type. Targets are either common or personal. A common target is shared across users; its
instruction wording is fixed. This enables comparison of the same task across user-conditioned states.
In contrast, a personal target is selected from the user-conditioned content generated by PAIR, testing
whether the agent can resolve a target specific to that user.

Instruction type. An explicit instruction refers to the task target by its visible label, whereas an implicit
instruction refers to the same target using a contextual cue. For example, an explicit instruction
requests, “Find the post ‘Looking for interesting flowers for a fashion project!’”, whereas an implicit
instruction describes the same target as “a gardening post seeking flower ideas.”

4.4 EVALUATION METRICS

Task success rate (Task SR) measures end-to-end task completion as Task SR = F/F, where E is
the total number of evaluated tasks and E is the number of successfully completed tasks.

All-success rate measures cross-user consistency for each template-condition pair, defined as a
task template under a fixed target type and instruction type. The all-success rate is defined as
AllSuccess = M, /M, where M denotes the number of template-condition pairs and M, denotes
the number of pairs that achieve all-success; the agent succeeds for every user.

Subgoal achievement rate (SAR) measures the proportion of these subgoals that are successfully
completed. We define it as SAR = S5 /.5, where S is the number of evaluated subgoals and S is the
number successfully completed. SAR enables trajectory-level localization of failures and comparison
of subgoal performance between user-conditioned and user-agnostic contexts.

5 REPAIR: PERSONALIZATION-AWARE INTERACTION REWARDS

To investigate whether rewarding subgoal success in user-conditioned contexts can mitigate perfor-
mance degradation in mobile GUI agents, we introduce RePAIR (Reinforcement learning with
Personalization-Aware Interaction Rewards), which uses relative subgoal success across user-
conditioned rollouts as the policy optimization signal; see Appendix [C]for more detail.

Rollout Group Construction. For each combination of task template, target type, and instruction
type, we pair training users p and g with compatible subgoal structures. We collect two full-task
rollouts from each user’s task instance, forming the group G, , = (71, T2, T3, T4), Where 7y and 7,
come from p and 73 and 74 from g. Each rollout starts from the corresponding initial state.

Personalization-Aware Rewards. For rollout group G,, 4, let P denote its shared set of subgoals
in user-conditioned contexts; subgoals in user-agnostic contexts are excluded. For rollout 7; and
subgoal k£ € P, we assign a binary success reward:

3

1, if 75 satisfies the criteria for subgoal £,
Tjk = .
0, otherwise.

We determine subgoal success from recorded trajectory evidence, including entry-screen observations,
visited screens, clicks, and task-judge outcomes.

Group-Relative Advantages. For each subgoal, we normalize its rewards across the four rollouts
and then average the normalized rewards across user-conditioned subgoals to obtain one rollout-level
advantage. Let i and oy, be the mean and population standard deviation of the rewards for subgoal
k. For nonempty P, we compute

A=y LR 4)

i = 1D
7| kePiop>0  OF



Table 2: Overall performance of base mobile GUI agents and RePAIR on PAIR. Task SR measures
task success, all-success measures the rate of tasks completed successfully by all user profiles, and
SAR measures subgoal achievement over reached contexts. Parentheses show RePAIR’s percentage-
point gains over SFT.

Task SR All-success User-agnostic User-conditioned

Model Params. (%) (%) SAR (%) SAR (%)
UI-TARS-1.5 (Qin et al||2025) 7B 48.5 22.5 79.7 65.4
Qwen3-VL-Instruct (Bai et al.| 2025) 30B-A3B 47.6 19.2 79.3 67.2
Qwen3-VL-Instruct (Bai et al.} 2025) 8B 47.5 22.5 74.6 67.6
AutoGLM-Phone (Xu et al.| 2026b) 9B 53.7 21.7 85.3 69.9
MAI-UI (Zhou et al.| 2025) 8B 53.4 25.8 86.2 71.0
GUI-OwI-1.5-Think (Xu et al.} 2026a) 8B 49.5 16.7 77.4 69.1
Qwen3-VL-Instruct 8B 47.5 22.5 74.6 67.6

+ SFT 8B + 15.3M 55.1 20.0 92.3 71.9

+ SFT + RePAIR (ours) 8B + 15.3M 64.5 (+9.4) 27.5(+7.5) 94.3 (+2.0) 77.7 (+5.9)

For example, suppose P contains two subgoals. Across the four rollouts, the first subgoal has reward
vector (1,1,0,0) and thus normalized reward vector (1,1, —1, —1). The second has reward vector
(1,1,1,1) and thus contributes zero to every rollout. Averaging the two subgoal-level values for each
rollout gives (Aj, As, Az, A4) = (0.5,0.5, 0.5, —0.5). If P is empty, we set A; = 0.

Policy Optimization. We optimize an SFT-initialized policy my with GRPO (Shao et al., [2024)
using the rollout groups and advantages defined above, while keeping the SFT policy fixed as the
reference m.f. Let mo1q denote the rollout-generating policy. For rollout 75, let N; be the number of
generated output tokens. At each token position t € {1,..., N,}, w;; denotes the generated token
and h ;¢ the instruction and observation—action history available before generating it. We maximize

1 N
1 Nj t=1 (5)
{min (Wa(w_jt | hjt) Aj, Clip(ﬂe(wjt | hjt)) 5 1— g, 1 + E) AJ) — BDKL,jt:| .

Tod(wje | hjt) Totd (Wit | Ry

4
\7(9) = Egp,qNTFold

1
4 <

J

Here ¢ sets the clipping range, while 8 controls the KL penalty from the SFT reference. For each
sampled token, the penalty is

Wrcf(wjt | hjt) Trmf(wjt | hjt)
KLt = o (wie | hye) & “ro(wje | ho)

Each rollout is weighted equally, and its advantage applies to all response tokens.

6 EXPERIMENTS

We evaluate cross-user reliability at both the task and trajectory levels using PAIR. Specifically, we
examine (1) how task success and (2) how subgoal achievement are affected across user-conditioned
application states, (3) when incorrect-item selections occur relative to target visibility, and (4) whether
RePAIR improves performance by rewarding subgoal success in user-conditioned contexts.

6.1 EXPERIMENTAL SETUP

Using user profiles from Personal.ens (Zhao et al.| 2025b)), we evaluate PAIR by instantiating ten
profiles (p0O to p9) with PAIR as the test set for our main evaluation. We then instantiate ten additional
profiles (p10 to p19) for the RePAIR study, using eight for training and two for validation. For each
user profile, PAIR instantiates three task templates across ten applications under two target types and
two instruction types, yielding 3 x 10 x 2 x 2 = 120 instantiated tasks per persona. This results in
1,200 test tasks, 960 training tasks, and 240 validation instances.
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Models. We evaluate Qwen3-VL-8B, GUI-OwI-1.5-8B-Think (Xu et al., 2026a), MAI-UI-8B (Zhou
et al.,2025)), AutoGLM-Phone-9B-Multilingual (Liu et al., [2024; Xu et al., 2026b), and UI-TARS-
1.5-7B (Qin et al.} |[2025), which fall within a deployment-relevant model scale for mobile settings,
together with Qwen3-VL-30B-A3B (Bai et al., 2025) as a larger-scale comparison, on the same
frozen test set. For the RePAIR, we first fine-tune Qwen3-VL-8B with LoRA (Hu et al., 2021)
on explicit-instruction demonstrations from the training personas. We then apply RePAIR to tasks
selected based on the preceding cross-persona analysis. More details are provided in Appendix

6.2 RESULTS

To assess overall task completion, cross-user consistency, and subgoal progress, we examine the task
success rate (Task SR), the all-success rate, and the subgoal achievement rate (SAR) (see Table[2)).
Across the six agents, mean Task SR is 50.0% (SD 2.82). As we expected, task success decreases
when the instruction is implicit rather than explicit (40.7% vs. 59.3%; p < .001). Personal targets also
show lower task success than common targets (46.6% vs. 53.5%). Neither this difference (p = .0642)
nor the instruction—target interaction (p = .283) reached statistical significance.

Task success varies substantially across personas. We therefore examine how task outcomes vary
across personas. Across the evaluated agents, as illustrated in Figure[d] persona-level Task SR ranges
from 43.8% to 53.1%, with a gap of up to 9.31 pp between the best- and worst-performing personas.
This cross-persona variation occurs for both common targets with identical instructions and targets
across users (6.94 pp) and personal targets drawn from each user’s own records (13.6 pp). Thus, the
same task can produce different outcomes depending on the persona-conditioned interface in which it
is executed.

Goal achievement drops in user-conditioned contexts, with difficulty for personal targets.
Across all six complete agents, the SAR is consistently lower in user-conditioned than in user-
agnostic contexts, with an average drop of 12.1 (SD 3.64) pp (Figure [5(a)). Within user-conditioned
contexts, personal targets yield lower SAR than common targets across all six agents (Figure[3[b)).
These results suggest task progress is more difficult in interface regions containing user-conditioned
content, particularly when the target is resolved from semantically related items.

Beyond the aggregate SAR gap, the trajectory-level analysis reveals localized peaks in failure at
specific subgoals (see Figure [T1]in Appendix [E)). High failure rates frequently occur at subgoals



conducted in user-conditioned contexts. This pattern appears across multiple applications and task
types, suggesting that the difficulty is not confined to a single interface or operation. From a trajectory-
level perspective, user-conditioned contexts can therefore act as major bottlenecks, disrupting task
progress even when other stages are completed successfully.

Personal targets increase competing-item selection errors.
To better understand failures in user-conditioned contexts, we Target context GT result Agent result
further analyze the error patterns that arise when agents resolve
targets. For both common and personal targets, incorrect-item
selection failures occur more frequently before target exposure,
when further navigation is required, than after exposure, with
personal targets exhibiting more failures overall (Figure [6).

A closer inspection of these failures reveals two recurring
patterns depending on whether the intended target has been
exposed. Figure [§]illustrates representative personal target
failures under explicit instructions. In the first case, the agent
opens a similarly titled user-specific post before the intended (a) Before target exposure.
target appears, rather than continuing to swipe. In the second Target context GT result Agent result
case, the intended video is already visible, yet the agent selects = T g

a different video from the same personalized list. These exam-
ples indicate that agents may commit to a competing item be-
fore reaching the target, or fail to distinguish it from surround-
ing items even after it becomes visible. Notably, both failures
occur despite the target being named explicitly, suggesting that
exact target specification alone does not eliminate interference
from competing user-specific context (Appendix [F).

RePAIR improves cross-user reliability on unseen personas. (b) After target exposure.
We first adapt the base model to the benchmark tasks with
supervised fine-tuning. This substantially improves SAR in
user-agnostic contexts (+17.7 pp) but yields smaller gains in
user-conditioned contexts (+4.24 pp) and no improvement in
all-success, leaving difficulties in user-conditioned contexts
and cross-user inconsistency unresolved. We then apply Re-
PAIR to examine whether learning from cross-user differences
improves reliability in user-conditioned contexts. RePAIR improves user-conditioned SAR (+5.87
pp), the all-success rate (+7.50 pp), and overall Task SR (+9.42 pp) on unseen users. The gain in
user-conditioned SAR indicates greater robustness to user-conditioned interface variation, while the
increase in the all-success rate reflects more consistent task completion across users (see Figure |Zka)).

Figure 8: Personal-target failures in
user-conditioned contexts: the agent
selects an incorrect item (a) before
target exposure and (b) after the tar-
get becomes visible. Red: agent ac-
tion; green: ground truth.

The concurrent improvement in task success further shows that these gains translate to better end-
to-end performance. To this end, we vary the training user pool size n;, and the number of training
iterations. Increasing n, from 1 to 8 improves overall Task SR after both 5 (+8.6 pp) and 10 (+9.7
pp) iterations (Figure[7(b)). However, extending training from 5 to 10 iterations decreases Task SR
for n, = 2 (—2.3 pp) and n, = 5 (—2.4 pp), while improving it for n,, = 8 (+1.8 pp). These results
suggest that the benefit of additional RePAIR training depends on user-pool diversity, with repeated
comparisons improving unseen-user performance only when training spans a broad set of users.

7 CONCLUSION AND FUTURE WORK

We systematically study cross-user reliability in mobile GUI agents: whether the same request
is completed consistently across user-conditioned application states. We introduce PAIR, which
constructs such states for controlled evaluation, and RePAIR, which trains from cross-user differences
in user-conditioned subgoal outcomes. Experiments reveal cross-user performance variation, lower
subgoal achievement in user-conditioned contexts, especially for personal targets, and incorrect
selections before and after target exposure; RePAIR improves performance and consistency on unseen
personas, providing initial evidence that cross-user differences can serve as a useful training signal.



These findings suggest several directions for future work. 1) Develop training methods that leverage
cross-user differences in subgoal outcomes to improve reliability in user-conditioned contexts. 2)
Strengthen target grounding through uncertainty-aware search, target verification, and recovery from
incorrect-item selections before and after target exposure. 3) Determine the optimal balance between
persona pool size and the number of training iterations to improve generalization to unseen users.
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A FINGERTIP-20K ANALYSIS

Data. All six models are evaluated on the same 103,199 steps from the FingerTip-20K (Yang et al.,
2026b) training split: 12,016 episodes, 83 users and 102 app labels. We retain supported actions
with available screenshots from apps used by at least five users. Each prediction uses the recorded
screenshot, instruction and human action history. Later screenshots follow the human demonstration.

Screen labels and segments. A text label is user-specific if its normalized form appears for only
one user within an app. A screen is user-conditioned (UC) if it contains such a label. Numeric and
time labels are included; icons and unknown labels are excluded. Labels are not filtered by pixel
visibility. Consecutive screens form a segment until the Jaccard similarity of labels outside scrollable
regions falls below 0.475; two empty sets have similarity one. This gives 60,383 segments: 51,761
UC and 8,622 without UC elements.

Scoring. An action must have the correct type. For clicks and long clicks, the pixel distance from
the reference position, divided by the image diagonal and rounded to four decimals, must be at most
0.14. Scroll direction must match; text is compared after removing whitespace and lowercasing.
Other supported actions are scored by type, and parsing failures are incorrect. A segment succeeds
only if all its actions are correct. All 60,383 segments are included.

Target exposure. The exposure analysis uses 29,640 segments with a labeled exit target. A
clickable element matches the target label if character-bigram Jaccard similarity is at least 0.85,
target-bigram coverage is at least 0.8, the shared prefix has at least six characters, or the matching
substring has at least eight. This text-based measure does not establish visual attention. Differences
between screen groups are descriptive; tasks, apps and segment lengths are not controlled.
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B PAIR IMPLEMENTATION, SCREENS AND DATASET STATISTICS

B.1 USER-CONDITIONED APPLICATION STATE GENERATION

PAIR converts Personalens (Zhao et al [2025b) interests into app-specific
queries. Content is ranked by name matches (score 1) or cosine similarity using
paraphrase-multilingual-MinilM-L12-v2 (Reimers & Gurevych, [2019) with
mean pooling, L2 normalization and a 96-token limit. Duplicate IDs/names and reserved Common
items are removed before selection. Common items are then added, and lists are shuffled using
seed-0 hashes. Most lists contain 20 items. App-specific generators also create transactions, chats
and meetings. The records keep their IDs and media links and are rendered by MobileGym (Wul

2026).
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B.2 TASK GENERATION

Common targets are shared across personas; Personal targets come from each persona’s data.
Explicit and Implicit instructions refer to the same target.
initial state for a template/persona pair, reset before each episode.
(openai/gpt-oss-120b (OpenAl, 2025)) and reviewer use the candidate records. Agents

receive only screenshots, instructions and action history.

All 1,200 test instances are evaluated against their designated targets, including cases with unre-
solved review flags. Automatic review does not guarantee a unique interpretation of every Implicit

All four conditions use the same
The instruction writer

instruction.
Table 3: Apps and target screens. RedBook is also called Xiaohongshu.
Application Target UI contexts
Alipay Billing history; message list
Bilibili Subscriptions; home recommendations; liked videos
Maps Recent searches
RedBook Saved notes; liked notes; discover feed
Reddit Home feed
Spotify Liked songs; recently played tracks; home playlists

Tencent Meeting
WeChat

WeChat Reading
X

Meeting history; scheduled meetings
Chat list; Moments

Home reading list; Add Favorite Book; recommendations

For You feed

Table 4: All 30 task templates. Each operation applies to the designated Common/Personal target
under Explicit/Implicit instructions.

Application Task ID Target Task Template

Alipay GG-ALI-01 Transaction  Open the transaction in billing history.

Alipay GG-ALI-02 Conversation Open the conversation in the message list.

Alipay GG-ALI-03 Conversation Open the conversation; reply exactly
“Understood”.

Bilibili GG-BIL-01 Video Open the subscription video and like it.

Bilibili GG-BIL-02 Video Open the home recommendation video.

Bilibili GG-BIL-03 Video Open the video in Liked Videos.

Maps GG-MAP-01 Place Open place details from recent searches.

Maps GG-MAP-02 Place Get directions to the place in recent searches.

Maps GG-MAP-03 Place Open place details from recent searches.

RedBook GG-RBK-01 Note Open the saved note.

RedBook GG-RBK-02 Note Open the liked note.

RedBook GG-RBK-03 Note Open the discover-feed note and save it.

Reddit GG-RDT-01 Post Open the home-feed post.

Reddit GG-RDT-02 Post Open the post; comment exactly “Thank you”.

Reddit GG-RDT-03 Post Open the home-feed post.

Spotify GG-SPT-01 Song Add the liked song to a new “Rainy Night”
playlist.

Spotify GG-SPT-02 Song Play the recently played song.

Spotity GG-SPT-03 Playlist Open the home-screen playlist.

Tencent Meeting GG-MTG-01 Meeting Open the meeting in history.

Tencent Meeting GG-MTG-02 Meeting Open the scheduled meeting.

Tencent Meeting GG-MTG-03 Meeting Open the meeting in history.

WeChat GG-WCT-01 Chat Open the chat.

WeChat GG-WCT-02 Chat Open the chat; reply exactly “Understood”.

WeChat GG-WCT-03 Author Open the author’s profile from Moments.
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Application Task ID Target Task Template

WeChat Reading GG-WRE-01 Book Open the book in the home reading list.
WeChat Reading GG-WRE-02 Book Add the book using Add Favorite Book.
WeChat Reading GG-WRE-03 Book Open the recommended book.

X GG-X-01 Post Open the For You post.

X GG-X-02 Post Open the For You post.

X GG-X-03 Post Open the For You post.

B.3 REFERENCE SUBGOALS BY TASK

Table[5)expands the task templates in Tabled]into their ordered reference subgoals. Each subgoal spec-
ifies an objective associated with a UI context and may involve multiple actions, including scrolling,
typing, and clicking. The sequence is shared across Common/Personal targets and Explicit/Implicit
instructions; the designated target is determined by the task instance. These descriptions specify the
reference objectives; the RePAIR training reward is defined separately in Appendix [C]

Table 5: The 67 reference subgoal positions across all 30 task templates included in our analysis. The
optional library-to-history navigation step in GG-SPT-02 is excluded, and the remaining positions are
numbered consecutively within each task.

Task ID Ordered subgoals

GG-ALI-01 (1) Open My from the home screen; (2) Open billing history; (3) Open the designated
transaction details.

GG-ALI-02 (1) Open the message list from the home screen; (2) Open the designated conversation.

GG-ALI-03 (1) Open the message list from the home screen; (2) Open the designated conversation; (3)
Enter and send “Understood”.

GG-BIL-01 (1) Open Following from the recommendation home screen; (2) Switch to the video tab; (3)
Open the designated video; (4) Like the designated video.

GG-BIL-02 (1) Open the designated video from the home recommendation feed.

GG-BIL-03 (1) Open Me from the recommendation home screen; (2) Open the personal space; (3) Open
the liked-video list; (4) Open the designated video.

GG-MAP-01 (1) Open search from the map home screen; (2) Open the designated place details from
recent searches.

GG-MAP-02 (1) Open search from the map home screen; (2) Select the designated place from recent
searches; (3) Open directions to the designated place.

GG-MAP-03 (1) Open search from the map home screen; (2) Open the designated place details from
recent searches.

GG-RBK-01 (1) Open Me from the discovery home screen; (2) Open the saved-notes tab; (3) Open the
designated note.

GG-RBK-02 (1) Open Me from the discovery home screen; (2) Open the liked-notes tab; (3) Open the
designated note.

GG-RBK-03 (1) Open the designated note from the discovery feed; (2) Save the designated note.

GG-RDT-01 (1) Open the designated post from the home feed.

GG-RDT-02 (1) Open the designated post from the home feed; (2) Enter and submit the comment “Thank
you”.

GG-RDT-03 (1) Open the designated post from the home feed.

GG-SPT-01 (1) Open the library from the home screen; (2) Open Liked Songs; (3) Open the menu for
the designated track; (4) Select Add to playlist; (5) Select the option to create a new playlist;
(6) Create the playlist named “Rainy Night” and complete the track addition.

GG-SPT-02 (1) Open the library from the home screen; (2) Expand the recent-play group; (3) Play the
designated track within the expanded group.

GG-SPT-03 (1) Open the designated playlist from the home screen.

Continued on next page
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Task ID Ordered subgoals (continued)

GG-MTG-01 (1) Open meeting history from the home screen; (2) Open the designated meeting details.

GG-MTG-02 (1) Open the designated scheduled meeting details from the home screen.

GG-MTG-03 (1) Open meeting history from the home screen; (2) Open the designated meeting details.

GG-WCT-01 (1) Open the designated conversation from the chat list.

GG-WCT-02 (1) Open the designated conversation from the chat list; (2) Enter and send “Understood”.

GG-WCT-03 (1) Open Discover from the chat list; (2) Open Moments; (3) Open the designated author’s
profile.

GG-WRE-01 (1) Open the designated book from the home reading list.

GG-WRE-02 (1) Open Me from the reading home screen; (2) Open the book-list screen; (3) Open the list
editor; (4) Open Add Favorite Book; (5) Select the designated book and confirm its addition.

GG-WRE-03 (1) Open the designated book from the home recommendations.

GG-X-01 (1) Open the designated post from the For You feed.

GG-X-02 (1) Open the designated post from the For You feed.

GG-X-03 (1) Open the designated post from the For You feed.

C TRAINING REWARDS AND ALGORITHM

Reward calculation. We compute a binary reward for each subgoal from the recorded trajectory. A
subgoal first requires evidence that its entry screen was observed before an action; appearing only in
the final screen is insufficient. For a nonterminal subgoal, reward one additionally requires either a
recorded route corresponding to a later subgoal in the reference path or a click on an expected item
or control. For the terminal subgoal, defined as the last subgoal in the reference path, reward one
instead requires the task judge to report success. Reward labels and matching criteria are used only
for scoring and are not provided to the agent.

For rollout ¢ and subgoal k, let E;;, indicate the required entry observation, L;; a matching later-
reference route in any observation or the final screen, and C;) an expected click anywhere in the log.
Let J; be the binary task-judge outcome. The reward is

0, Eiy=0,
Ji, FE;r =1 and k is terminal,
Tik = . @)
1, E; =1, knonterminal, and (L;z V Cii),
0, otherwise.

Matching rules. Route matching compares URL paths after removing query parameters; app
identity and screen state are not used. Expected items and controls are specified by the task template.
A target-item click matches when its recorded IDs include the designated target ID or identity.
Other controls match by trigger ID or by a substring match in either direction between whitespace-
normalized labels. The scorer searches the entire log without enforcing visit order. Here, “later”
refers to the order of subgoals in the reference path, not the order of observations in the rollout.

Policy update. Each iteration collects 124 rollouts with a fixed policy and performs one LoRA
update per four-rollout group. Rollout-policy and SFT-reference token log probabilities are cached as
specified in the pseudocode below.
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Table 6: RePAIR training pseudocode (K = 8; N € {5, 10} training iterations). 6 denotes trainable
LoRA parameters; h;; is the recorded token prefix and y;; a response token. 7; counts response
tokens over the entire trajectory, across all actions.

1 0 < SFT(Ovase, Duxplicit) for one epoch; freeze Orer <— 6.

2 Build fixed persona pools and a repeating five-iteration pair schedule.

for training iteration j = 1,..., N do

4 Fix rollout policy 6,14 <— 6 for this iteration.

5 for each of the 31 task—condition pairs ¢ do

6 Select the scheduled pair; collect two full rollouts per slot with vLLM.
7

8

(O8]

Cache the four trajectories and their rollout-policy token log probabilities.
Cache SFT-reference token log probabilities; reset AdamW and the 31-update cosine schedule.

9 for each cached group in fixed task order do
10 Compute subgoal rewards r;; using Section
11 ai < (rit — pr)/+/0o2 + 10~8, using the mean and population variance over i = 1,..., 4.
12 Ay Uy Zkeuq aik; Uy 1s the UC-subgoal set (use zero if empty).
13 Recompute current-policy token log probabilities; reuse cached SFT-reference scores.
14 Pit < We(yit \ hit)/ﬂ'old(yit \ hit); d;t < log Wref(yit | hit) - logﬂe(yit \ hit)-
15 Ly + —min{pi A;, clip(pir, 0.8, 1.2) A; } + 0.01(e%it — dyy — 1).
16 Take one AdamW step on % 2?21 T% Z;‘Zl £;¢; clip gradient norm to 1.0 and advance the scheduler.
17 Save the iteration checkpoint.

18 return the iteration- N adapter (124N rollouts; 31N optimizer updates).
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D EXPERIMENTAL AND TRAINING SETUP

Evaluation. We evaluate Qwen3-VL-8B, Qwen3-VL-30B-A3B, GUI-Owl-1.5-8B-Think, MAI-
UI-8B, AutoGLM-Phone-9B-Multilingual and UI-TARS-1.5-7B on the same 1,200 test instances.
Decoding uses temperature 0, top-p 1 and seed 0, with each model’s action format. The action limit is
20 for 840 instances and 30 for 360. Output limits are 1,024 tokens for Qwen/SFT/RePAIR, 2,048 for
MAI-UI and 3,000 for AutoGLM; GUI-Owl/UI-TARS limits are not specified in the saved request
configs. Task SR uses all instances; all-success uses 120 ten-persona groups; SAR uses reached
subgoals at the 67 reference positions.

SFT. Qwen3-VL-8B-Instruct is fine-tuned on successful Explicit-instruction oracle demonstrations
across all 30 task templates. Of the 480 Explicit task instances from the eight training personas,
three failed oracle executions are excluded, leaving 477 demonstrations containing 1,876 actions.
Validation uses 119 successful demonstrations containing 469 actions, after excluding one failed
execution from 120 instances. All four excluded executions are from X and failed to reach the
designated target route.

Implicit instructions, designated targets, and initial states are available, but separate Implicit oracle
demonstrations were not collected. SFT therefore uses only Explicit demonstrations. LoRA (Hu
et al.| [2021) updates the language model’s g/k/v/o attention projections; the vision encoder is frozen.
One epoch gives 235 updates using assistant-response loss. Training uses bf16, SDPA and gradient
checkpointing on an RTX 6000 Ada (PyTorch 2.13.0+cul30, Transformers 4.57.6, PEFT 0.18.1).

Table 7: Core optimization settings. RePAIR inherits the SFT LoRA adapter.

Setting SFT RePAIR

LoRA rank / alpha 16/32 16/32

Dropout 0.05 Disabled during updates
Optimizer AdamW (Loshchilov & Hutter, 2019) AdamW

Learning rate 107* 107°

Weight decay / norm clipping 0/1.0 0/1.0

Scheduler / warmup Cosine / 3% Iteration-wise cosine / 3%
Update unit 8 action samples 4 full-task rollouts

Policy ratio clip — 0.2

Reference KL coefficient — 0.01 (fixed SFT)

RePAIR task selection. A task specification is a combination of task template, target type (Common
or Personal), and instruction type (Explicit or Implicit). The 30 templates yield 120 specifications,
each evaluated across ten personas, p0 to p9. For each model, a specification is classified as mixed
when its final-goal outcomes include both successes and failures across these personas.

We select specifications classified as mixed by all five baselines in the frozen September 16, 2026
analysis: Qwen3-VL-8B, Qwen3-VL-30B-A3B, GUI-Owl, MAI-UI, and AutoGLM. This yields 31
specifications spanning 18 templates, comprising 12 Common and 19 Personal specifications, or 8
Explicit and 23 Implicit specifications.

Selection uses the historical AutoGLM results preceding its greedy rerun and excludes UI-TARS.
The selected list is held fixed across subsequent training experiments rather than recomputed from
updated baseline results.

RePAIR training. The 31 selected specifications are instantiated for the eight training personas
pl10 to p17, yielding 248 distinct task instances. Each training iteration collects four full-task rollouts
per specification, totaling 124 rollouts and 31 optimizer updates. Both Explicit and Implicit tasks are
included: the policy generates trajectories that are scored using recorded routes, actions, and the task
judge, without requiring oracle demonstrations.

Seeded selection forms fixed pools of K € {1,2,5, 8} personas. K1 uses one persona, K2 a fixed
pair, and K5/K8 cycle pairs; four Reddit task—condition pairs allow same-persona sampling to keep
subgoal labels consistent. Group compatibility requires matching ordered subgoal IDs and UA/UC

20



labels across the full reference path. For each scheduled pair, we collect two rollouts per persona
slot, resetting the corresponding task instance to its stored initial state before every rollout. Only
UC-subgoal rewards are used to compute the trajectory advantage. Rollouts use temperature 0.8,
top-p 1, top-k —1, min-p 0 and a 1,024-token output limit. Five/ten iterations give 620/1,240 rollouts
and 155/310 updates. Iterations 6 to 10 repeat the persona schedule with new rollouts, continuing
from iteration 5. The main result uses K8 at iteration 5; validation is not used to select it. SFT uses
seed 0; RePAIR uses seed 7 — 1 at iteration j with derived update seeds.

Selection and review scope. Training rollouts use personas p10 to p17, disjoint from the evaluation
personas p0 to p9. However, task specifications were selected using earlier baseline outcomes on
pO to p9. Thus, evaluation personas are held out from policy optimization, but their baseline results
informed training-task selection. We interpret the RePAIR study as an exploratory intervention
informed by the preceding analysis.

The p10 to p19 inputs have not completed semantic and browser review. Successful oracle execution
and subsequent model rollouts do not establish completion of that review.

vLLM. We use VLLM (Kwon et al.l [2023) for inference, with server seed 0 and GPU memory
utilization 0.9. Qwen baselines use an 8,192-token batch budget and image bounds of 3,136 to
12,845,056 pixels; AutoGLM uses at most 5,000,000 pixels. K8 rollout logs for iterations 1 to 5
record vLLM 0.19.0, bf16, prefix caching and chunked prefill. These settings are not verified for all
earlier FingerTip or recovery runs.

Table 8: vLLM settings from evaluation configs and training logs. TP: tensor parallelism; Context:
token limit; Sequences/Images: per-server and per-request limits, respectively.

Model / use TP  Context Sequences Images
Qwen3-VL-8B baseline 1 16,384 8 1
Qwen3-VL-30B-A3B 2 16,384 8 1
GUI-Owl 1 32,768 8 5
MAI-UI 1 32,768 8 4
UI-TARS 1 32,768 8 6
AutoGLM (PAIR / FingerTip) 1 25,480 16/32 10
SFT/RePAIR evaluation 1 32,768 8 2
RePAIR rollout collection 1 32,768 8 2

E SUBGOAL FAILURE PATTERNS ACROSS TASK TRAJECTORIES

To examine where task progress breaks down, we report subgoal-level failure rates along the reference
trajectory for all 30 task templates. For each task, subgoals are ordered according to their position in
the reference execution path. We compute the failure rate at each subgoal as 100 — SAR after the
agent reaches the corresponding subgoal context. Thus, failure rates at later positions are conditional
on the agent having progressed far enough to reach those contexts.

Figure [IT]shows that failures are not distributed uniformly across task trajectories. Instead, many
tasks exhibit localized failure peaks at particular subgoals. Several pronounced failures occur in user-
conditioned contexts, including target-related stages for Bilibili, Maps, Tencent Meeting, WeChat,
and WeChat Reading. For example, the failure rate reaches 100% at the third subgoal of the Bilibili
subscribed anime task, 90% at the first subgoal of scheduled meeting, and 94% at the first subgoal of
liked book. These patterns indicate that particular stages involving user-specific application content
can form substantial bottlenecks within otherwise multi-step tasks.

At the same time, high failure rates are not exclusive to user-conditioned contexts. Some user-
agnostic stages also show large failure rates, such as the second subgoal of the Bilibili liked video and
subscribed anime tasks. Thus, the trajectory-level analysis does not imply that all failures originate
from personalization. Rather, it distinguishes general GUI interaction difficulties from localized
failures that arise at user-conditioned stages.
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Subgoal

1 2 3 4 5 6
> bill 25 0 408 END
= refundchat 0 23  END
< service chat 8 13 0 9 END
= home video 10  END
2 liked video 0 0 END
o
subscribedanime 12 [[EZIEA - o =

history category 3 [JECI =
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S directions 0 [JE 0 o o

history place 4 |58 £vo

S discovernote = 28 5 0 END
° .
% likednote 22 25 END
o savednote 17 9 [J48H ewo
= hobby post = 86 = END
§ comment 19 10 5 END
* post = 80  END
2> home playlist END
H likedsong 15 1 5 0 0 | 8
@ recent track 14 9 11  END
E host meeting 15 5 END
2 meeting 16 | 87 | EnD
(1]
= scheduled meeting END
E open chat 3 END
] chat 5 30 14 END
= author profile | 45 2 74 HE\B

liked book 27 25 0 33 END
book = 33 END

recommended END

interest post = 29 END

WeChat
Read

x news post 27  END
topic post | 82 END

Failure rate (%)

user-agnostic user-conditioned
0 50 100 0 50 100

Figure 11: Subgoal failure rates across task trajectories. Each cell reports the failure rate (100 — SAR,
%) after entering the corresponding subgoal context, pooled across six complete agents. Blue and red
denote user-agnostic and user-conditioned contexts, respectively; darker cells indicate higher failure
rates. A dash denotes no entry, and END marks task termination. Later-position rates are conditional
on reaching the corresponding context.

Overall, this analysis complements the aggregate SAR comparison by showing where the observed
performance differences emerge within individual task trajectories. The results suggest that difficulty
is often concentrated at specific interaction stages rather than being uniformly distributed throughout
an entire task.
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F CoOMPLETE PAIR FAILURE TRAJECTORIES

The two failures from the main paper use Personal targets and Explicit instructions. Each row
shows all three recorded steps, including termination. Screenshots precede the labeled actions; no
post-termination screenshot is available.
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Figure 12: Reddit (top, Qwen3-VL-30B) selects the wrong post before target exposure. Bilibili
(bottom, GUI-OwI) selects the wrong video after target exposure. Both fail the task’s success check;
target and selected IDs are shown beside the trajectories.

The selected item is confirmed by the next screen’s route. These examples illustrate the two error
types, not their overall frequency.
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