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Abstract

Large Vision-Language Models (LVLMs)
have shown strong potential as multilingual
Graphical User Interface (GUI) agents, as evi-
denced by existing GUI benchmarks. However,
these benchmarks exhibit two primary limita-
tions: (1) although Perception and Reasoning
(P&R) capabilities are fundamental for GUI
agents, current benchmarks lack fine-grained
diagnostics to identify which specific capabil-
ities lead to task failures, hindering targeted
improvements; (2) existing benchmarks fail to
provide a strictly aligned cross-lingual evalu-
ation environment, introducing confounding
factors that prevent isolating the language im-
pact on GUI agent performance. To address
these issues, we propose the Multilingual P&R
GUI Benchmark (MPR-GUI-Bench), featur-
ing strictly aligned environments across six
languages and eight fine-grained P&R tasks.
Our benchmark reveals consistent P&R gaps
between English and non-English settings, par-
ticularly on reasoning-intensive tasks. To lever-
age the superior English P&R capabilities for
bridging cross-lingual gaps, we identify layers
sensitive to language and propose GUI-XLI, a
GUI Cross-Lingual Intervention method that
aligns non-English hidden states with their En-
glish counterparts at these layers during infer-
ence. Experiments show that GUI-XLI effec-
tively reduces the cross-lingual gaps, with an
average gain of 6.5% in non-English settings.

1 Introduction

Rapidly evolving Large Vision-Language Mod-
els (LVLMs) have shown potential as multilin-
gual GUI agents, as demonstrated by recent bench-
marks. Existing GUI benchmarks, broadly cat-
egorized into interactive and static ones, suffer
from two critical limitations. First, despite GUI

* Equal Contribution
T Project Lead.
* Crresponding Author.

FPR-ACC Across Languages Average Accuracy Across Tasks
EN FPR-ACC

AU_~ i ~. ST
Vs ; N p ‘ N
zH/ ; N TH / \
[ N | AP/ o | RT
PO 80 70 60 P00 ‘ | 9]\ “60--A5: 20 “
FRU ' I WR o JREL
AN | 4 AN /
0 WI — AEL

RU
Intern2.5VL-88
Qwen-2.5-VL-7B-Instruct
UI-TARS-7B-DPO
AU: Action Understanding ~ AP: Action Prediction WF: Widget Function WTI: Widget Interaction

AEL: Absolute Location REL: Relative Location  RI: Rich Information SI: Sparse Information
FPR-ACC: Fine-grained Perception and Reasoning (P&R) capability weighted accuracy score

Gemini-1.5-Flash
Gemini-2.5-Pro

AgentCPM-GUI-8B
Show-UI-2B

Figure 1: Performance evaluation on MPR-GUI-
Bench. (Left) Multilingual comparison revealing a
consistent gap between English and non-English set-
tings across all baselines. (Right) Fine-grained P&R
capability analysis across specific dimensions.

Perception and Reasoning (P&R) capabilities be-
ing fundamental to real-world end-to-end compe-
tence (Zhang et al., 2025a; Xie et al., 2025; Qin
et al., 2025b), current benchmarks lack systematic
and fine-grained assessment of these capabilities.
Interactive benchmarks rely on holistic task suc-
cess rates, obscuring failure causes, while static
benchmarks lack structured P&R analysis. Second,
existing benchmarks lack strictly aligned cross-
lingual evaluation. Linguistic factors are under-
explored in static benchmarks, while interactive
benchmarks such as MacOSWorld (Yang et al.,
2025a) inevitably introduce language-irrelevant
variations (e.g., Ul layouts and interaction trajecto-
ries), preventing isolation of language effects.

To bridge these gaps, we introduce the
Multilingual P&R GUI Benchmark (MPR-GUI-
Bench). MPR-GUI-Bench is strictly aligned
across six languages carefully chosen to balance
common GUI languages and orthogonal coverage
of different language families, spanning 39 sce-
narios and six device types with 12,936 samples.
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Languages Lang.

Cross-lingual

Fine-grained Platform

Dataset EN ZH FR RU JA TI| Type D ‘ Web. Mob., Desk. | Sz Type
GUI-WORLD v x x x x x| 1 | X \ X | v v v | 12379  dataset
OSWorld v x x x x x| 1 | X \ X | v v v | 36 eny.
AndroidWorld v x x x x x| 1 | X \ X | x v X | 116 eny.
Mobile-Agent-Bench | ¢ X X X X X | 1 | X | X | x v X | 100 env.
ScreenSpot v x x x x x| 1 | X | X | v v v | 1200+  dataset
GUI-Odyssey v x x x x x| 1 | X \ X | X v X | 7735 dataset
CAGUI | x v x x x x| 1 | X \ X | X v X | ~IK-10K  dataset
SPA-Bench v v x x x x| 2 | X \ X | X v X | 340 env.
WebMMU v x v x x x| 4 | X \ X | v X X | ~3K+  dataset
MacOSWorld lv v v v x x| 5 | X \ X | X X v | 201+29 env.
X-WebAgentBench | v v v v X X | 14 | X | v | v X X | 2800 env.
MPR-GUI-Bench | v v v v v v | 6 | v | v | v v X | 12936  dataset

Table 1: Comparison with prevailing benchmarks. Abbreviations for Platform include Web. (Website), Mob.
(Mobile), and Desk. (Desktop). For the Type column, env. denotes interactive environments, while dataset refers
to static data collections. Cross-lingual alignment indicates whether the benchmark provides strictly aligned tasks
across different languages to facilitate controlled cross-lingual evaluation.

Building upon key perception and reasoning tasks
proposed by prior works, we further incorporate
end-to reasoning tasks that reflect real-world end-
to-end scenarios, resulting in tasks hierarchically
organized into three levels and eight fine-grained
P&R dimensions. As shown in Figure 1, evalua-
tions across seven advanced LVLMs reveal con-
sistent non-English performance gaps relative to
English, particularly in reasoning tasks.

To leverage the superior P&R capabilities of En-
glish for improving non-English performance, we
identify critical layers most sensitive to linguis-
tic factors during inference and propose a GUI
Cross-Lingual Intervention method (GUI-XLI),
which steers non-English representations toward
their English counterparts. GUI-XLI achieves a
6.5% average performance gain with negligible in-
ference latency. Consistent improvements under
explicit reasoning-chain generation indicate that
GUI-XLI aligns cross-lingual reasoning patterns
at the representational level rather than acting as a
prompting artifact.

Our contributions are summarized as follows:

* We present MPR-GUI-Bench, the first multilin-
gual benchmark to systematically evaluate fine-
grained GUI P&R capabilities.

* We present a comprehensive analysis of the
LVLMs for GUI agent from the perspectives
of P&R and cross-lingual capabilities.

* We propose GUI-XLI, a training-free represen-

tation engineering method that effectively miti-
gates cross-lingual P&R capability gaps.

2 Related Work

GUI agent benchmarks As presented in Table 1,
existing GUI agent benchmarks generally fall into
two categories: interactive environments and static
datasets (Nguyen et al., 2024a). Interactive en-
vironments are widely regarded as better reflec-
tions of real-world end-to-end scenarios (Rawles
et al., 2024; Wang et al., 2024; Chen et al., 2025;
Wang et al., 2025; Xie et al., 2024). However,
they typically evaluate performance through task
completion rates, treating each trajectory as a
single unit. Such a coarse-grained metric ob-
scures the underlying P&R skills required for suc-
cess, making it difficult to diagnose failures or
guide targeted improvements. Conversely, static
datasets (Zhang et al., 2025a; Awal et al., 2025)
such as ScreenSpot (Cheng et al., 2024), GUI-
World (Chen et al., 2024a) and GUI-Odessey (Lu
et al., 2024) isolate particular capabilities and
demonstrate the value of decomposing GUI tasks
into foundational skills, but they lack a systematic
and fine-grained taxonomy. Moreover, multilin-
gual capability, a prerequisite for global deploy-
ment, remains largely under-explored. While inter-
active benchmarks like MacOSWorld (Yang et al.,
2025b) include language factors, their dynamic na-
ture introduces complexity, hindering controlled,
aligned comparison across languages. These limi-
tations highlight the need for a systematic, multi-
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Figure 2: Hierarchical composition of MPR-GUI-
Bench. The structure expands from P&R (inner) to
four domains (middle) and eight fine-grained dimen-
sions (outer). Gray numbers indicate image counts.

lingual, fine-grained P&R evaluation setup, which
motivates the design of MPR-GUI-Bench.

Cross-lingual Representation Alignment Re-
cent studies in LVLMs have investigated the in-
ternal mechanisms of cross-lingual transfer. Re-
search indicates that inputs with identical seman-
tics but different languages often yield substan-
tially different distributions within the model’s
latent space (Chang et al., 2022; Peng et al.,
2025; Zhao et al., 2024). This divergence cor-
relates with performance inconsistencies across
languages. Meanwhile, representation engineering
research demonstrates that controlled interventions
on hidden states can effectively steer model be-
havior (Andy Zou, 2023; Li et al., 2024; Turner
et al., 2024; Li et al., 2025). Notably, recent
work further explores training-free strategies to
enhance the semantic comprehension of LVLMs
without additional fine-tuning (Xiao et al., 2026;
Qin et al., 2025a, 2023; Xiao et al., 2026). Inspired
by these findings, our proposed GUI-XLI treats the
cross-lingual discrepancy vector as an explicit opti-
mization direction, aligning under-performing lan-
guages toward the distribution of better-performing
ones, thereby enhancing multilingual GUI P&R
consistency.

3 MPR-GUI-Bench

Existing GUI benchmarks have mostly neglected
fine-grained P&R capabilities, leading to difficul-
ties in their development. Moreover, even fewer

studies have focused on these capabilities in mul-
tilingual settings. To this end, We propose MPR-
GUI-Bench, the first benchmark to systematically
evaluate the fine-grained P&R capabilities required
by GUI tasks in multilingual environments.

3.1 Data Source

As shown in Figure 3, we collect parallel screen-
shots across 6 languages (English, Chinese, French,
Russian, Japanese and Thai), spanning 39 distinct
real-world GUI scenarios on two operating systems
(i0S and Android) and 6 mobile device models.

3.2 Task Definitions

As shown in Figure 2, we define 8 fine-grained di-
mensions derived from key P&R capabilities men-
tioned in prior works, supplemented by two di-
mensions reflecting end-to-end agent performance,
organized into two primary categories: (1) per-
ception capabilities, covering the perception of
interactive components (widgets) and user actions;
and (2) reasoning capabilities, which encompass
spatial reasoning and end-to-end reasoning based
on integrating fundamental P&R capabilities. The
eight dimensions are defined as follows:

Perception Capabilities Evaluation Dimensions

* Widget Function Comprehension (WF) evalu-
ates LVLMs’ perception of the function of GUI
elements and the meaning of visual cues.

» Widget Interaction Comprehension (WI) eval-
uates LVLMs’ perception of the most suitable
way for users to interaction with widgets.

¢ Action Understanding (AU) evaluates LVLMs’
perception of the consequences of executed ac-
tions, including interface changes, system feed-
back, and impacts on future interactions.

* Action Prediction (AP) evaluates LVLMs’ per-
ception of action organization (e.g., types, tar-
gets, order, input content) to accomplish goals.

Reasoning Capabilities Evaluation Dimensions

¢ Absolute Element Location (AEL) evaluates
LVLMs’ reasoning capability to correctly locate
Ul elements and analyze their global positions.

¢ Relative Element Location (REL) evaluates
LVLMs’ reasoning capability in relative spatial
relationships between GUI elements.

* Rich Information (RI) evaluates the capabili-
ties to synthesize long interaction histories, and
integrate all fine-grained P&R dimensions to in-
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Figure 3: Construction pipeline of MPR-GUI-Bench, as described in §3.3: Step 1: Collect parallel screenshots in
six languages; Step 2: Generate candidate English VQA lists via GPT-40; Step 3: Verify quality manually; Step 4:
Expand multilingual data with GPT-40 and perform cross-lingual and cross-modal consistency checks.

fer user intention. It simulates real-world inter-
active end-to-end GUI tasks.

* Sparse Information (SI) evaluates the capabil-
ity to infer user intent from shorter screenshot
sequences with minimal cues. It simulates more
challenging real-world end-to-end GUI tasks, re-
flecting the model’s P&R capability upper bound
in more complex GUI tasks.

3.3 Benchmark Construction Pipeline

As illustrated in Figure 3, to balance scalability
with accuracy, we adopt a semi-automated ap-
proach followed by human verification:

Step 1: Screenshot Collection Annotators curated
a rigorously aligned dataset across six languages.
While end-to-end reasoning tasks feature fewer
samples due to the complexity of aligning multi-
image sequences, they offer deeper diagnostic in-
sights than standard single-image tasks. Detailed
information about the annotators’ backgrounds and
guidelines are provided in the Appendix A.1, A.2.
Step 2: Candidate Visual Question Answer-
ing(VQA) Lists Construction Following the def-
initions in Section 3.2, we construct prompts that
enforce strict structural, lexical constraints, limit-
ing the model’s generative freedom and reducing
the imprinting of model-specific phrasing style.
GPT-40 (OpenAl et al., 2024) is then used to gen-
erate the English VQA candidates based on the
prompts, which are provided in Appendix A.3.
Step 3: Manually Check Six annotators indepen-
dently verify the candidate VQA list across three
dimensions: question formulation, answer correct-
ness, and distractor quality. To mitigate GPT-40’s
stylistic artifacts, annotators manually reorder op-
tions and rephrase question patterns. We further

validate the removal of source-specific bias by com-
paring VQA items generated by Gemini-2.5-Pro
and GPT-4o. Evaluation with three models reveals
no consistent performance discrepancies between
the two sources, suggesting the benchmark is ro-
bust to generator choice. Detailed guidelines, veri-
fication results, and inter-rater agreement statistics
are provided in the Appendix A.S.

Step 4: Multilingual Expansion & Consistency
Check We employ GPT-4o for translation. Unlike
text-only machine translation systems, which of-
ten generate synonyms causing lexical mismatches
and subsequent GUI grounding failures, GPT-40’s
multimodal capabilities ensure the translated text
aligns faithfully with the on-screen text. Analyses
of translation fidelity and inter-rater consistency
are provided in the Appendix A.4, A.5.

3.4 Evaluation Metrics

Samples follow a standard four-option single-
choice format, evaluated via exact match follow-
ing (Chen et al., 2024a). We eschew free-form
responses because real-world GUI tasks inherently
require precise understanding and selection within
a constrained action space; free-form outputs of-
ten introduce unnecessary evaluation noise. To
represent the overall performance considering di-
mension difficulty, we define a fine-grained P&R
weighted accuracy score FPR-ACC:

8
FPR-ACC = Dz Wit Qi

where «; and w; denote the accuracy and weight
for dimension ¢, respectively. Detailed descriptions
are provided in Appendix A.7.
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Perception

Reasoning

Model Lang FPR-ACC
AU AP WF Wi AEL REL RI SI
Open-source LVLMs
EN 81.2 89.9 79.5 921 82.0 82.0 80.0 44.0 75.2
ZH 72.4 85.5 75.1 88.0 78.4 67.8 64.0 60.0 71.9
Intern2.SVL.8B FR 77.1 83.9 75.6 88.5 727 76.5 80.0 52.0 73.5
- RU 702 81.4 70.4 833 68.3 66.9 80.0 480 69.1
IA 64.2 82.8 72.9 80.6 732 69.1 64.0 44.0 66.0
TH 57.9 67.5 52.6 727 429 38.3 80.0 52,0 58.5
EN 86.1 89.4 86.0 93.4 86.0 81.6 96.0 72.0 87.1
ZH 83.6 88.8 77.8 88.8 79.2 743 68.0 68.0 80.4
FR 81.7 83.6 80.0 913 76.5 79.0 72,0 72.0 80.3
Qwen-2.5-VL-7B-Instruct RU 77.6 86.1 76.7 89.6 773 75.1 72.0 72.0 80.4
IA 817 87.7 79.2 90.7 773 69.1 88.0 68.0 79.5
TH 76.8 82.5 77.5 88.8 73.5 65.3 76.0 72,0 757
Multimodal GUI Agents
EN 76.2 79.5 88.8 74.0 713 80.0 84.0 79.9
7H 77.9 74.9 72.6 88.5 77.9 66.1 96.0 76.0 79.4
FR 67.5 70.8 77.0 85.5 69.7 70.5 84.0 80.0 76.5
UL-TARS-7B-DPO RU 721 75.1 737 87.4 71.0 727 88.0 84.0 79.2
IA 67.2 73.5 72.3 85.8 70.5 63.1 84.0 58.0 71.0
TH 67.2 67.5 69.0 79.2 67.8 51.9 84.0 580 67.9
EN 64.8 71.6 67.1 82.8 57.1 393 80.0 72.0 60.4
7H 492 64.8 58.1 70.5 418 328 88.0 88.0 59.9
FR 54.6 64.5 573 69.1 40.0 36.1 72.0 60.0 57.9
AgentCPM-GUI-8B RU 434 623 537 62.6 46,0 322 72.0 56.0 548
IA 514 68.6 50.1 66.4 33.8 374 76.0 480 545
TH 45.6 59.3 427 56.0 27.9 32,0 68.0 48.0 48.6
EN 67.8 73.8 64.7 84.7 57.1 62.3 32,0 36.0 55.8
7H 62.8 66.1 614 822 58.5 45.6 32.0 36.0 523
Show-UL2B FR 59.0 67.2 61.6 79.0 55.5 48.4 440 40.0 544
ow-Ll- RU 55.7 68.9 61.6 77.6 50.3 48.1 40.0 40.0 529
IA 54.6 64.2 57.3 754 445 426 28.0 36.0 477
TH 46.7 54.6 53.2 62.6 415 36.1 20.0 36.0 418
Close-source LVLMs
EN 85.0 85.8 93.4 71.6 61.5 64.0 40.0 68.4
zH 86.2 814 68.5 89.9 64.5 492 68.0 64.0 70.5
Geminiu1 5-Flash FR 844 80.6 74.0 90.4 64.8 65.0 64.0 36.0 66.0
: RU 80.1 81.2 72.6 89.9 66.1 59.3 60.0 480 66.9
IA 803 828 712 88.8 52.0 447 64.0 40.0 627
TH 77.9 79.5 677 86.3 59.0 40.4 64.0 480 63.5
EN 85.0 90.7 85.0 93.2 84.7 932 96.0 80.0 88.0
ZH 78.4 85.8 82.5 81.2 82.5 71.0 92.0 84.0 82.9
Gemini-2.5-Pro FR 86.9 64.5 81.6 92.9 81.4 65.3 88.0 76.0 79.6
‘ RU 634 90.4 54.0 92.1 754 70.8 92,0 80.0 78.3
JA 85.2 847 534 65.0 60.1 62.3 68.0 76.0 70.0
TH 828 713 81.6 83.4 81.6 837 72.0 80.0 79.2

Table 2: Model Performance (%) Across six Languages English, Chinese, France, Russian, Japanese and Thai (EN,
ZH, FR, RU, JA, TH). Background colors indicate the best and worst performance per setting.

3.5 Experiment Setup

Baseline We select baselines from three model
types: (1) Open-source LVLMs: Intern2.5VL-
8B (Chen et al., 2024b), Qwen-2.5-VL-7B-
Instruct (Bai et al., 2025); (2) Closed-source
LVLMs: Gemini-1.5-flash (Gemini Team et al.,
2024) and Gemini-2.5-Pro (Comanici et al., 2025);
(3) Multimodal GUI agents: UI-TARS-7B-
DPO (Qin et al., 2025b), AgentCPM-GUI (Zhang
et al., 2025b), Show-UI-2B (Lin et al., 2024).
Among models with known parameter sizes, we se-
lect versions smaller than 8B, as lightweight mod-
els better support on-device deployment for GUI
agents, which is critical for preserving user privacy.
The evaluation results for three extra models are
provided in Appendix A.9.

Implementation Details Our evaluation is con-
ducted on 8 x NVIDIA A100 GPUs.

Metric Pearson r  Strength
RIvs. FPR-ACC 0.7373 High
SI vs. FPR-ACC 0.7152 High
Avg. vs. FPR-ACC 0.7795 V. High

Table 3: Correlation Analysis of End-to-End Reasoning
Scores and FPR-ACC; Avg. denotes the mean of RI
and ST scores.V. High: Very High.

3.6 Evaluation Result

From the evaluation result presented in Table 2, we
draw conclusions in three key aspects:
Performance gap across languages & models
Regarding languages, while English and Chinese
yield dominant results across all baselines, per-
formance degrades in low-resource settings (e.g.,
Thai), revealing a severe generalization bottleneck
in current LVLMs for GUI tasks.

Performance gap across dimensions A signifi-
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cant capability imbalance exists across the eight di-
mensions. Most models achieve near-saturation in
basic perception tasks (e.g., WI). However, perfor-
mance diverges sharply in spatial reasoning tasks.
Correlation Between Fundamental P&R Capa-
bilities and End-to-End Competence. As shown
in Table 3, RI and SI—two tasks with varying dif-
ficulty levels that reflect end-to-end agent perfor-
mance—show a high correlation with FPR-ACC.
This indicates that FPR-ACC effectively reflects
both the models’ fundamental P&R capabilities
and their advanced end-to-end performance.

4 GUI-XL-Intervention

Building on prior findings that representa-
tion alignment mitigates cross-lingual discrepan-
cies (Nguyen et al., 2024b; Peng et al., 2025;
Chang et al., 2022), we aim to leverage the su-
perior P&R capabilities of English to bridge cross-
lingual P&R gaps. To this end, we identify the
layers where the cross-lingual input representation
distributions are most divergent, as exemplified in
the left graph of Figure 4. We then propose GUI
Cross-Lingual Intervention (GUI-XLI) to steer
non-English representations toward their English
counterparts (See Appendix B.3 for an overview).

4.1 Preliminaries

Given an LVLM parameterized by 6, visual and
textual inputs are embedded and concatenated into
an initial sequence H ©). Processed through L
Transformer (Vaswani et al., 2017) layers, the hid-
den state h(") of the final token updates via:

B0 = D 4 g0 4O, 1

where oY) and m®) denote attention and MLP out-
puts, respectively. Finally, H (L) is projected by
the language head for autoregressive prediction.

4.2 Cross-lingual Discrepancy Vector
Construction

For an input question ) and image I, we denote
the hidden state of the last token at layer [ as:
RO(Q, I ) € R%. We denote the test input as X
when it includes a question, a reasoning chain,
and the final answer. Correspondingly, the hid-
den state of the last token at layer [ is denoted as:
(X, I) € R%. When the inputs are in English
or the target language, we denote them with a sub-
script en or tgt, respectively.

Given the autoregressive nature of LVLMs, the
final token’s hidden state aggregates the global

context of the input sequence. Consequently, it
serves as a natural anchor for cross-lingual align-
ment. Leveraging this property, we construct cross-

lingual discrepancy vectors 5£Q_tgt between parallel
inputs (Xen, len) and (Xigt, [tgt) to faithfully cap-
ture the gaps in GUI P&R capabilities:

Omigt = M (Xen, Ten) —

en-tgt =

D (Xige, L),  (2)

where the subscript en and tgt means English and
the target language, respectively. The effectiveness
of 5§Q_tgt in isolating linguistically induced P&R

discrepancies relies on three core design principles:

Explicit Reasoning Chains Text input X in-
cludes the question, a reasoning chain, and the
final answer. This explicitly externalized reasoning
chain ensures that h(") (X, I) captures the underly-
ing GUI P&R logic for choosing the final answer.

Positive—negative Sample Pairs Building on the
observation that LVLMs use intermediate layers
as an English-centric reasoning hub (Zhao et al.,
2024), we select sample pairs where the model
succeeds in English (X¢y) but fails in the target lan-
guage (Xyg). This strategy contrasts the "success-
ful English reasoning pathway" against the "failed
target-language pathway" within these pivotal lay-
ers, maximizing the extraction of the capability
gap while minimizing irrelevant linguistic noise.

Visual-Linguistic Isolation I, and Is repre-
sent identical GUI scenarios differing solely in
language, which ensures that any visual variance
in 5§fl)_tgt stems exclusively from visual-linguistic
discrepancies, aligning with MPR-GUI-Bench.

4.3 GUI-XL-Memory

We construct the GUI Cross-Lingual Memory
(GUI-XL-Memory) to store the cross-lingual dis-
crepancy vectors, which enables LVLMs to adap-
tively retrieve and apply these vectors as optimiza-
tion directions during inference, facilitating robust
generalization to out-of-domain GUI scenarios.

Specifically, we extract the target language query
and image representation as the retrieval key:

l
Tt(gi = h(l)(thh Iigt), (3)
and the discrepancy vector as the value:

@) = h(l) (Xena Ien) -

ven-tgt

hO (Xt ligt). (4

The (rt(g, Ue(il)_tgt) forms one entry of the memory.
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Perception

Reasoning

Model Lang GXI FPR-ACC
AU AP WF WI AEL REL RI SI
7H x 724 85.5 75.1 88.0 78.4 67.8 64.0 60.0 71.9
Intern2.5VL-8B v 819195 902 147 80.3 152 90.5 12.5 819 13.5 702 124 80.0 116.0 72.0 112.0 82.8 110.9
TH X 579 67.5 52.6 72.7 429 383 80.0 52.0 58.5
v 583104 694 119 558 132 71.7 [1.0 441 112 39.6 11.3 80.0 10.0 40.0 /12.0 62.2 3.7
A X 642 82.8 72.9 80.6 732 69.1 64.0 44.0 69.1
v 675133 855127 75.1 122 815109 724 ]0.8 68.7 104 72.018.0 56.0 112.0 77.2 18.1
7H x  83.6 88.8 71.8 88.8 79.2 74.3 68.0 68.0 77.1
Qwen-2.5-VL-Instruct v’ 862126 892104 78.1 103 915127 79.6 104 74.6 103 84.0 116.0 76.0 18.0 83.1 16.0
RU x 7116 86.1 76.7 89.6 77.3 75.1 72.0 72.0 78.1
v 84617.0 879 11.8 774 10.7 88.6 1.0 775102 745 0.6 84.0 112.0 84.0 112.0 83.6 15.5
JA x  81.7 87.7 79.2 90.2 713 69.1 88.0 68.0 79.9
V' 836119 883 10.6 81.7 125 935133 77.1]0.2 693 102 92.0 4.0 80.0 112.0 84.4 145

Table 4: Effectiveness of GUI-XLI across languages. GXI denotes GUI-XLI. Each cell reports accuracy (%) for the
baseline (<) and our method (v'). Colored highlights denote absolute performance gains or drops .

4.4 Cross-lingual Representation Intervention

Given the current input (Qry", i), we extract

the hidden state ht(gl;cm). We then identify the top-
k semantically nearest entries in GUI-XL-Memory
by maximizing cosine similarity:

h(l,curr) TT(Z)
T = arg max Z <(z tcgutrr) ) (Zl) '
JCAL,..,N} |T|=k ieJ Hhtg’t ||2 HTZ ||2

4)
The retrieved crossdiscrepancy vectors are aver-
aged to form the intervention vector ié?_tgt. During
inference, we intervene on the residual stream by
incorporating @é?_tgt with strength «, followed by
magnitude-preserving normalization:

l,curr L,curr a
I (B a0

tgt I, —
A& + a vl gll2

(6)
which steers non-English representations toward
English P&R patterns without modifying model pa-
rameters. Consequently, GUI-XLI is training-free
and compatible with diverse LVLM architectures.

S Experiment

5.1 Setup

Baseline Models We evaluate GUI-XLI’s effec-
tiveness on Intern2.5VL-8B (Chen et al., 2024b)
and Qwen2.5-VL-7B-Instruct (Bai et al., 2025).

Language Selection We select 4 languages (ZH,
JA, RU, TH) as their non-Latin scripts and large
linguistic distance from English pose the most chal-
lenging cross-lingual alignment conditions.

Memory Construction We build dimension-
specific memories for each basic P&R tasks. The
entries are randomly selected while ensuring cov-
erage of distinct GUI scenarios. The sampling
process follows that of MPR-GUI-Bench, with the
only distinction being that we require LVLMs to
generate reasoning chains for their answers. To
construct memories for end-to-end reasoning tasks
(RI and SI), we aggregate entries across the six
basic P&R dimensions, as end-to-end reasoning
represents an integrated synthesis of these basic
capabilities Details are provided in Appendix B.1.

Model Lang. Layer () o Mem. Size

ZH 16 0.12 10
Qwen-2.5-VL-7B-Instruct RU 18 0.1 10

JA 13 0.1 10

ZH 12 0.12 10
Intern2.5VL-8B TH 17 0.06 10

JA 14 0.1 10

Table 5: Hyper-parameter settings for GUI-XLI across
different models and languages.

Hyper-parameter settings To ensure repro-
ducibility, we provide the hyper-parameter settings
for each LVLM and language in Table 5. Al-
though the optimal parameters vary slightly, all
selected layers consistently fall within the interme-
diate range (layers 11-18), confirming our finding
that this is the universal "sweet spot" for cross-
lingual alignment. The variations in intervention
strength simply reflect the distinct linguistic and ty-
pological distances between each target language
and English. Furthermore, the optimal settings
are efficiently identified through a rapid forward-
pass grid search on a minimal validation set, which
demonstrates our method’s structural adaptability
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Figure 4: t-SNE Visualization of multilingual hidden
state before and after applied GUI-XLI.

to different architectures and languages without
incurring high computational tuning costs.

5.2 Main Results

Table 4 presents the evaluation results on MPR-
GUI-Bench before and after applying GUI-XLI.
Our analysis yields three key conclusions:

(1) Effective Cross-Lingual Capability Trans-
fer GUI-XLI significantly enhances fine-grained
P&R capabilities in non-English settings, effec-
tively aligning them with English-level proficiency.
For high-resource languages like ZH, Intern2.5VL-
8B and Qwen-2.5-VL-7B-Instruct achieve absolute
FPR-ACC gains of 10.9% and 6.0%, respectively.
Crucially, this improvement is consistent across
lower-resource languages (e.g., TH, JA), bridging
the average performance gap by 5.4% on average.

(2) Data Independence and Model Generaliza-
tion We construct GUI-XL-Memory using data
entirely disjoint from MPR-GUI-Bench, ensur-
ing that performance gains stem from transferable
P&R patterns. In addition, consistent improve-
ments across heterogeneous open-source LVLMs
demonstrate our GUI-XLI method’s robustness and
broad architectural applicability.

(3) Differential Gains across Task Dimensions
Gains are most pronounced in action understanding
and prediction tasks (AU, AP), with Intern2.5VL-
8B and Qwen-2.5-VL-7B-Instruct achieving av-
erage FPR-ACC increases of 3.7% and 2.4%, re-
spectively. Conversely, simpler dimensions (e.g.,
WI) exhibit marginal gains due to performance sat-
uration. Improvements in spatial and end-to-end
reasoning (REL, SI) are moderate; we attribute
this to their weaker dependence on linguistic con-
text—which limits the impact of cross-lingual
alignment—and their inherent complexity, which
remains a bottleneck beyond language barriers.
This result suggests that our approach is particu-
larly effective in enhancing performance in tasks

Performance for Chinese (ZH)

Performance for Japanese (JA)

(o4) 22V P24ybr2M

Figure 5: 3D performance landscape on MPR-GUI-
Bench. Variations in weighted average accuracy are
shown across intervention layers [ and strengths « for
Chinese and Japanese. Red dot markers denote the
global optima, identifying the sweet spot for model
performance in both language settings.

that require complex reasoning and prediction, but
less so for tasks that are already well-performing
or involve higher-order cognitive processing.

6 Analysis

6.1 Cross-lingual Alignment Visualization

As mentioned in Section 4.2, where intermediate
layers are shown to serve as English-centric reason-
ing hubs, cross-lingual distributional differences
in intermediate layers h()) reflect discrepancies
in GUI P&R capabilities across languages. To
gain mechanistic insight into how GUI-XLI im-
proves non-English P&R capabilities, we apply
t-SNE to the final-token’s hidden states at the inter-
vention layer [ for English inputs and their non-
English counterparts (ZH, RU, JA), before and
after applying GUI-XLI. As shown in Figure 4,
without GUI-XLI, representations form distinct
language-specific clusters, indicating substantial
cross-lingual divergence. After applying GUI-XLI,
non-English representations become more concen-
trated and aligned with their English counterparts,
providing qualitative evidence that GUI-XLI effec-
tively bridges cross-lingual GUI P&R gaps.

6.2 Ablation Studies

Figure 5 presents a systematic study to identify
P&R-dominant layers and determine the appro-
priate intervention strength av. Motivated by our
analysis in Section 6.1, which shows that intermedi-
ate layers function as an English-centric reasoning
hub, we believe that cross-lingual P&R discrep-
ancies are most salient in this layer range. We
conduct a two-stage ablation. First, fixing o = 0.1,
we sweep the intervention layer [ across interme-
diate layers (11-18) to identify the optimal layer
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Perception

Reasoning

Model Lang GXI FPR-ACC
AU AP WF WI AEL REL RI ST

ZH x 718 729 69.8 67.8 73.7 80.6 84.0 68.0 74.2

Qwen-2.5-VL-Instruct v’ 821 143 835 1105 744 146 67.7 10.1 783 14.6 855 14.8 80.0 10.3 72.0 14.0 774 132
RU x 835 87.9 76.9 68.4 77.4 87.7 84.0 80.0 80.8

v 889154 90.7 128 775 10.6 684 100 764 [1.0 87.5 0.2 88.0 14.0 80.0 10.0 823 T1.5
A X 824 86.3 69.5 65.2 72.6 84.9 88.0 72.0 77.6

v’ 836112 883120 70.6 fT1.1 66.1 109 715 [1.1 852 10.3 92.0 14.0 76.0 4.0 79.5 119

Table 6: Impact of GUI-XLI on reasoning-based performance. All experiments require model to generate
reasoning chains before final prediction. We compare the baseline reasoning performance (x) against the enhanced
performance after integrating GUI-XLI (v'). GXI denotes GUI-XLI.

I*. Second, conditioned on [*, we vary « to assess
sensitivity to intervention strength. For each model
and language setting, we select the configuration
yielding the highest weighted accuracy.

6.3 Impact on Reasoning-based Performance

Table 6 shows that beyond improving non-English
P&R performance, GUI-XLI also yields substan-
tial gains when required to generate reasoning
chains before answering. Notably, GUI-XLI con-
sistently improves performance even under ex-
plicit reasoning supervision, indicating that the
gains arise from a genuine enhancement of under-
lying P&R capability rather than prompting effects.
From a mechanistic perspective, reasoning chains
externalize internal P&R trajectories; the improved
performance therefore suggests that GUI-XLI ef-
fectively reshapes non-English P&R patterns to-
ward more coherent and task-relevant reasoning.

7 Conclusion

In this paper, we introduce MPR-GUI-Bench, the
first benchmark designed to evaluate the fundamen-
tal fine-grained perception and reasoning (P&R)
capabilities in GUI agents across strictly aligned
cross-lingual environments spanning six languages.
Our evaluation of current LVLMs reveals a con-
sistent performance bottleneck in non-English set-
tings, particularly in reasoning-intensive tasks. To
leverage the superior P&R capabilities of English,
we identify critical layers that are most sensitive
to linguistic discrepancies. Based on these in-
sights, we propose GUI-XLI, an inference-time
intervention method that aligns non-English rep-
resentations with superior English counterparts at
these critical layers. Experimental results demon-
strate that GUI-XLI significantly bridges the cross-
lingual gap with an absolute average performance
gain of 6.5% in non-English settings.

Limitations

Due to limited resources, MPR-GUI-Bench only
include mobile device models. Additionally, while
MPR-GUI-Bench effectively evaluates the fine-
grained P&R capabilities of closed-source LVLMs,
GUI-XLI cannot be extended to these models be-
cause their internal hidden representations are in-
accessible for the required interventions.

Ethical Considerations

Our data collection follows ethical guidelines. For
human annotation, all participants were informed
of the research goals, participated voluntarily, and
received fair compensation. All GUI screenshots
and trajectories were manually de-identified to
remove personally identifiable information. For
data sourcing, we strictly adhered to the platforms’
Terms of Service and Robots.txt. All interactions
were limited to public interfaces at a controlled
frequency for non-commercial academic use.
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A Additional Details of MPR-GUI-Bench

A.1 Annotator Background

The annotation process was conducted by one of
the authors and five trained volunteers, all of whom
hold at least a bachelor’s degree and possess exper-
tise in GUI applications. To ensure high-quality
multilingual dataset construction, we implemented
a Lead-Supporting Annotator framework. For
each language, we ensured that at least two Lead
Annotators were assigned based on their certified
proficiency (e.g., TOEFL, HSK, or JLPT), with
their specific roles detailed in Table 7.

To prioritize annotator well-being and maintain
high data quality, the workload was strictly con-
trolled at 1-2 hours per day over a period of two
weeks. Annotators were compensated at an aver-
age rate of 15 USD per hour, following a compre-
hensive training phase that included task-specific
tutorials and alignment on quality criteria.

Privacy and Content Safety. During data collec-
tion, annotators were explicitly instructed to avoid
collecting any GUI content that contains personal
or sensitive information. In particular, screenshots
and annotations that name or uniquely identify in-
dividual people (e.g., real names, user IDs, email
addresses, phone numbers, or account-related in-
formation) were excluded. After collection, all
samples were manually reviewed, and any content
containing personally identifiable information or
potentially offensive material was filtered out. As
a result, the final dataset does not include personal
identifiers or offensive content.

A.2 Data Collection Guidelines

As shown in Table 8, we provide guidelines for
annotators on data collection and verification to en-
sure data quality and consistency across annotators.

A.3 Prompts For Candidate VQA Lists
Construction

In this section, we list all prompts used during the
process of constructing MPR-GUI-Bench, which
include VQA generation for eight dimensions (Ta-
ble 9 - Table 15). Note that for RI and SI demen-
sions, we ask annotators to provide the goal for the
screenshot sequences, so the corresponding prompt
requires GPT-40 to only generate distractors.

A.4 Validation on GPT-40 Translation

To validate the translation quality of GPT-40, we
adopt the back translation method. First, we ran-
domly sample 500 English VQAs from our MPR-
GUI-Bench. Then we leverage GPT-4o to translate
these questions to other 5 languages according to
fefstep 4, followed by translating them back to En-
glish. Finally, we evaluate the accuracy of Qwen
2.5VL-7B-Instruct on these samples and the evalu-
ation result is present in Table 16.

A.5 Comprehensive Inter-Rater Reliability
Analysis for All Languages

We report the inter-rater reliability analysis for all
six languages included in MPR-GUI-Bench (EN,
ZH, FR, RU, JA, TH). In the English setting, an-
notators verified the compliance of generated ques-
tions with task requirements. For the remaining
languages, the evaluation focused on the linguistic
faithfulness of translated text relative to the visual
content in the respective screenshots. This anal-
ysis covers all 2,156 samples per language, with
six annotators classifying each as “Compliant” or
“Non-compliant.”

The annotators who have proficiency in respec-
tive languages provided direct judgments on the
faithfulness of GPT-40 translations relative to the
visual content. Other annotators served as Sup-
porting Annotators, utilizing auxiliary tools (e.g.,
DeepL and Google Translate) to translate model
outputs back into English and cross-reference them
with the original visual prompts for auxiliary se-
mantic verification.

Distribution of Rater Agreement. Table 17
presents the distribution of rater agreement across
all languages. Across the entire benchmark, a high
level of consensus was observed, with the majority
of samples achieving perfect (6:0) or near-perfect
(5:1) agreement. Notably, the high proportion of “6
vs. 0” cases confirms the effectiveness of our Lead-
Supporting annotator framework and the clarity of
our annotation guidelines.

Comparative Reliability Metrics. As shown in
Table 18, the Fleiss’ Kappa coefficients across all
languages fall within a relatively low range (0.15-
0.22). This is a well-documented phenomenon
known as the prevalence paradox (Cicchetti and
Feinstein, 1990), which occurs when the distribu-
tion of categories is highly skewed. In our case,
since over 94% of samples are classified as “Com-
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Annotator EN ZH FR RU JA TH
1 Lead Lead Lead - - -
2 Lead Lead - Lead - -
3 Lead - Lead - Lead -
4 Lead - - - - Lead
5 Lead Lead - - Lead -
6 Lead — Lead - - Lead
Role Expert Expert/Tool Expert/Tool Expert/Tool Expert/Tool Expert/Tool

Table 7: Annotator roles and language distribution. “Lead” indicates annotators with certified proficiency who
provided direct linguistic judgments. Supporting annotators (denoted by tool-assisted roles) utilized back-translation

for verification.

pliant,” the probability of agreement by chance
(P,) is naturally very high. Consequently, even
with a high observed agreement (P > 0.90), the
Kappa coefficient remains low because it only mea-
sures the marginal improvement over an already
high baseline of chance.

To provide a more robust assessment that ac-
counts for this imbalance, we also report Gwet’s
ACI1 coefficient, which is mathematically less sen-
sitive to the prevalence problem. As shown in the
table, our AC1 values consistently exceed 0.85
across all languages, indicating “almost perfect”
agreement according to standard benchmarks and
validating the reliability of our annotation process.

Adjudication and Quality Control. For each
language, all samples that failed to reach a 6:0
consensus were subjected to a final Adjudication
Phase. The respective Lead Annotators (native or
proficient speakers) resolved all disagreements to
ensure the final ground-truth labels were accurate.

This rigorous multi-stage verification process
guarantees that the linguistic and visual alignment
of MPR-GUI-Bench remains reliable despite the
inherent difficulty of multilingual GUI evaluation.

A.6 Quality Assurance and Refinement to
Eliminate Model-specific Semantic Style

As mentioned in Appendix A.3, to safeguard the
professional rigor and stylistic neutrality of MPR-
GUI-Bench, we developed dimension-specific con-
strained prompts. This framework decomposes
complex GUI interactions into fundamental sub-
abilities—such as requiring multi-cue synthesis for
Widget Function perception and strict sequence
validation for Action Prediction. By incorporating
Negative Linguistic Constraints to prohibit meta-

comments and conversational fillers, we minimize
the stylistic artifacts of the generator, ensuring the
benchmark targets genuine visual reasoning over
linguistic shortcuts.

Furthermore, we implemented rigorous anno-
tation guidelines to refine all GPT-40-generated
samples as shown in Table 19.

To verify that MPR-GUI-Bench is generator-
agnostic, we conducted a cross-model evaluation
using task sets independently generated by GPT-40
and Gemini-2.5-Pro. The results, summarized in
Table 20, provide strong evidence that our evalua-
tion pipeline is resilient to model-specific bias.

Absence of Generator Dominance Empirical
data show that the generator backbone does not
inherently dominate its own test set. On the GPT-
4o-generated subset, Qwen-2.5-VL-7B-Instruct
achieves the highest scores in AEL (78%) and WF
(86%), surpassing the generator (GPT-40). Con-
versely, on the Gemini-2.5-Pro-generated subset,
GPT-40 maintains a performance lead in 5 out of
8 tasks (e.g., AU, WI, WF, SI), despite the tasks
being curated by Gemini. This lack of "home-field
advantage" confirms that the diagnostic data repre-
sents objective P&R challenges rather than stylistic
artifacts.

High Ranking Consistency Despite variations
in absolute scores—Ilikely due to differing task dif-
ficulty distributions—the relative performance hi-
erarchy remains remarkably stable. We observe a
100% Top-1 ranking consistency in key perception
and reasoning dimensions, including AEL, REL,
AU, and WI. For instance, GPT-40 consistently
outranks Gemini-2.5-Pro in WI across both gener-
ation sources (94% vs. 79% and 92% vs. 89%).
The addition of RI and SI tasks further reinforces
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Data Collecting Guidelines

Annotators are required to collect screenshots in the following languages: Chinese (ZH), English (EN),
French (FR), Russian (RU), Thai (TH), and Japanese (JA).

a. First, check whether each app/website supports the above languages.

b. Select an app and begin capturing screenshots. For each app/website, capture as many different
screens as possible, each corresponding to one of the six language environments listed above. Try
to ensure that the screens represent different scenarios.

c. Next, to maintain consistency, check the initial screenshots based on the following three guide-
lines:

i

ii.

iii.

It is recommended to select as many screenshots as possible, as many might be discarded
after checking. Ensure that the final dataset has at least 10 different scenes for each app.

Consistency must be maintained, meaning that apart from the language, the visual style,
background coherence, and text formatting should remain consistent. For example, in a
weather app, the temperature unit should be the same across different languages. If the
app includes recommended content (e.g., search recommendations in a browser), ensure
that the recommendations remain consistent when switching languages. Additionally, if
searching within a browser, the search terms should be translated according to the language
(e.g., searching "apple" in English should correspond to "pingguo" in Chinese). Make sure
the input method is set to the correct language as well.

An example of a valid scenario is as follows: ...the 6 screenshots from the same scenario
show only differences in language, while the layout remains almost identical. Such data
should be retained. An example of invalid data that should be discarded: the screenshots
show significant issues that hinder interface comprehension, such as inconsistent text content
across languages, mixed languages, and layout issues that obstruct understanding.

d. After checking, use GPT-40 to automatically generate questions. The recommended prompt
template can be found at the end of the task instructions.

e. After generating the questions, manually review and check them based on the following aspects,
then either ask GPT-40 to regenerate the questions or design them manually:

i

ii.

For question design, check out Q&A pairs that are factually incorrect, have mismatched
objects/screenshots, or have questions that are too easy or too difficult.
For option design, check out Q&A pairs where the correct option is inaccurate, incorrect
options lack sufficient distractor quality, or the options are misleading.

f. Next, annotators need to input the semantically parallel non-English screenshots along with the
translation prompts into GPT-40, allowing the model to translate all the candidate VQA pairs
from the English list into the target languages.

g. Annotators must check each translated VQA pair in the target language to ensure cross-lingual
consistency. If any discrepancies are found, the translation should be redone or the example
discarded. This process will result in the creation of a complete dataset.

Table 8: Data Collecting Guidelines
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Prompt for AU Dimension

You are an Al visual assistant. You are given a single screenshot captured from a mobile UI during
user interaction. Your task is to design ONE multiple-choice question that evaluates the model’s
Action Understanding Ability, defined as the ability to:

Predict the immediate outcome and effects of performing a specific action given the current
interface state. Focus on:

1. Interface state changes (e.g., navigating to a new page, opening or closing a popup, expanding or
collapsing content areas, toggling an icon’s opacity or color)

2. Data state changes (e.g., saving data, deleting an item)

3. System feedback (e.g., displaying a success message, an error warning, or a loading indicator)

4. Impact on subsequent flow (e.g., unlocking the next step, resetting to the initial state, reaching a
terminal page, expiring a critical condition)

Notice: Ensure that the questions you design for these tasks are answerable and the answers
can be deduced from the GUI content. You must make each question as difficult and nuanced as
possible, requiring careful visual perception and contextual reasoning. Avoid obvious or overly simple
options. Include plausible distractors for each question to increase the difficulty.

For each given screenshot, create one multiple-choice question that tests one of the abilities
mentioned above. Each question should have four answer options: one correct answer and three that
are incorrect but closely relevant. Distractors should be designed to be tempting yet contain subtle
mistakes drawn from the interface that are difficult to detect.

Your reply must be structured like this, with no extra explanation:

question: {your question}
options:

A. {Option A}

B. {Option B}

C. {Option C}

D. {Option D}

answer: {Correct option letter}
type: Action Understanding

Please keep each answer as concise and difficult as possible, and only structured in this ex-
act format. Only include questions that you can answer confidently based on the image content.

Table 9: Prompt for AU Dimension
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Prompt for AP Dimension

You are an Al visual assistant. You are given a single screenshot captured from a mobile UI during
user interaction.

Below, you will be provided with a hypothetical user task goal. Your task is to design ONE
multiple-choice question that evaluates the model’s Action Prediction Ability, defined as the ability
to:

1. Action Type: Select the correct interaction type from the set {tap, long press, swipe,
type text, press home/back/recent}.

2. Action Target: Identify the precise UI element to interact with.

3. Input Content: If text input is required, specify the exact text.

4. Action Sequence: For multi-step tasks, determine the correct order of operations.

Your question must:
- Embed a clear user task goal (e.g., “The user wants to add a new contact with name X and phone
Y”).
- Ask: “To achieve this goal, which of the following description is true?*
- Provide four answer options (A-D), at least one option should describe a full sequence of actions,
it could be the correct one or a distractor.
- One correct sequence.
- Three distractors that each violate at least one of:
- Wrong action type on a step.
- Missing a critical step.
- Steps in the incorrect order.
- Wrong target element.
- Make options concise but nuanced—avoid obvious mistakes.

Structure your reply with NO extra text:

question: {your question embedding the user goal}
options:

A. {stepl — step2 — ...}

B.{...}

C.{..}

D.{...}

answer: {Correct option letter}

type: Action Prediction

Table 10: Prompt for AP Dimension
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Prompt for AEL Dimension

You are an Al visual assistant. You are given a single screenshot captured from a mobile UI during
user interaction. Your task is to design one multiple-choice question that evaluates the Absolute
Element Location Ability. Specifically, you should strictly follow these guidelines:

1. Question Description:

- Clearly specify the element to be located (e.g., "Please determine the position of the blue button on
the screen").

- Ask the model to analyze the general area of this element within the global coordinate system.

2. Reference Layout Structure:

- Prompt the model to consider the overall interface structure (e.g., top navigation bar, central content
area, bottom action bar) when making its determination.

- Guide the model to identify which section the element belongs to, such as status bar / toolbar / main
content area / floating button area.

3. Absolute Position Description:
- Require the model to use standardized regions:
- Quadrant-based description: upper-left / lower-left / upper-right / lower-right;
- Alternatively, a three-part division: top / middle / bottom.
- The question stem or options must explicitly use the above-mentioned descriptive terms to clearly
define the location.

Notice: Ensure that the questions you design for these tasks are answerable and the answers
can be deduced from the GUI content. You must make each question as difficult and nuanced as
possible, requiring careful visual and contextual reasoning. Avoid obvious or overly simple options.
Minimize the repetition of the questioned objects as much as possible. Include plausible distractors for
each question to increase the difficulty.

For each given screenshot, create one multiple-choice question that tests one of the abilities
mentioned above. Each question should have four answer options: one correct answer and three that
are incorrect or irrelevant.

Your reply must be structured like this, with no extra explanation:

question: {your question}
options:

A. {Option A}

B. {Option B}

C. {Option C}

D. {Option D}

answer: {Correct option letter}
type: Absolute Element Location

Please keep each answer as concise and focused as possible, and only include the questions
in this exact format. Only include questions that have definite answers.

Table 11: Prompt for AEL Dimension
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Prompt for REL Dimension

You are an Al visual assistant. You are given a single screenshot captured from a mobile UI during
user interaction. Your task is to design one multiple-choice question that evaluates the Relative
Element Location Ability. This refers to evaluating the model’s ability to reason about spatial
relationships in the interface. Specifically, the model’s ability to:

- Determine the relative location of elements on the interface.

Notice: Ensure that the questions you design for these tasks are answerable and the answers
can be deduced from the GUI content. You must make each question as difficult and nuanced as
possible, requiring careful visual and contextual reasoning. Avoid obvious or overly simple options.
Minimize the repetition of the questioned objects as much as possible. Include plausible distractors for
each question to increase the difficulty.

For each given screenshot, create one multiple-choice question that tests one of the abilities
mentioned above. Each question should have four answer options: one correct answer and three that
are incorrect or irrelevant.

Your reply must be structured like this, with no extra explanation:

question: {your question}
options:

A. {Option A}

B. {Option B}

C. {Option C}

D. {Option D}

answer: {Correct option letter}
type: Relative Element Location

Please keep each answer as concise and focused as possible, and only include the questions
in this exact format. Only include questions that have definite answers.

Table 12: Prompt for REL Dimension
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Prompt for WF Dimension

You are an Al visual forensics analyst specializing in mobile UI screenshots. Design ONE expert-level
multiple-choice question that rigorously tests Widget Function Perception Ability with these
constraints:

Strict visual evidence requirements:

- All answers MUST be provable from explicit visual evidence

- Absolutely NO speculation beyond what’s visible

- Correct answers require synthesizing >3 distinct visual cues

- Reject any interpretation not confirmed by:
1. Standard platform conventions
2. Explicit visual affordances (shadows, highlights, depth cues)
3. State indicators (color coding, iconography, text labels)
4. Spatial relationships to adjacent elements

Core ability focus (evidence-based):
- MUST synthesize >3 distinct visual cues:
1. Primary text labels (e.g., "Weather", "Reminders")
2. Icon semantics (standard meanings only)
3. Data representations (charts, progress bars)
4. Contextual positioning (status bar vs. home screen)
- BANNED:
1. Speculation beyond visible elements
2. Prior knowledge of specific apps

Question design requirements:

- Ambiguous but decodable visual patterns (e.g., semi-transparent overlay on a search icon
requiring icon shape, faded color, and nearby label)

- Compound state indicators (e.g., lock icon + greyed-out button requiring icon meaning and color
state)

- Conflicting affordances requiring prioritization (e.g., send arrow and trash icon in the same area)

- are platform-specific edge cases (e.g., Android 11 share button long-press reveals hidden menu)

Your reply must be structured like this, with no extra explanation:

question: {your question}
options:

A. {Option A}

B. {Option B}

C. {Option C}

D. {Option D}

answer: {Correct option letter}
type: Widget Function

Table 13: Prompt for WF Dimension

29817



Prompt for WI Dimension

You are an Al visual assistant. You are given a single screenshot captured from a mobile UI during
user interaction. Your task is to design ONE multiple-choice question that evaluates the model’s
Widget Interaction Perception Ability, defined as inferring how users can interact with visible
widgets by analyzing the given mobile Ul screenshot. Specifically, the ability to:

1. Identify Interactive Elements
Recognize actionable widgets (buttons, sliders, toggles, input fields, etc.) and distinguish them
from static elements.
2. Predict Interaction Methods
Determine valid operation types for each widget (tap, double-tap, long-press, swipe, pinch, etc.).
3. Anticipate Interaction Outcomes
Foresee the immediate results of interactions, including:
- Interface transitions (e.g., opening a settings panel)
- State changes (e.g., toggle switching)
- Function executions (e.g., alarm creation)
4. Understand Practical Utility
Explain how the interaction solves real-world problems or enhances convenience, such as:
- "Clicking ’+’ on clock widget enables quick alarm setting"
- "Swiping down the corner slider adjusts screen brightness"
- "Tapping screen time widget reveals detailed usage analytics"

Notice: Ensure that the questions you design for these tasks are answerable and the answers
can be deduced from the GUI content. You must make each question as difficult and nuanced as
possible, requiring careful visual perception and contextual reasoning. Avoid obvious or overly simple
options. Include plausible distractors for each question to increase the difficulty. For each given
screenshot, create one multiple-choice question that tests one of the abilities mentioned above. Each
question should have four answer options: one correct answer and three that are incorrect but closely
relevant. Distractors should be designed to be tempting yet contain subtle mistakes drawn from the
interface that are difficult to detect. The options should include at least one non-interactive distractor
(static element misuse). Your reply must be structured like this, with no extra explanation:

question: {your question}
options:

A. {Option A}

B. {Option B}

C. {Option C}

D. {Option D}
answer: {Correct option letter}
type: Widget Interaction

Please keep each answer as concise and difficult as possible, and only structured in this ex-
act format. Only include questions that you can answer confidently based on the image content.

Table 14: Prompt for WI Dimension
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Prompt for RI & SI Dimensions

You are an Al assistant generating multiple-choice questions to evaluate understanding of mobile UI
task flows.

The following screenshots capture a short interaction sequence in a mobile app.

The correct user goal is:
"{correct_goal }"

Your task is to generate three incorrect but plausible alternative user goals that could rea-
sonably be mistaken for what the user is trying to do, based on the visual context.

Guidelines:

1. Each option should look like a real user task — it doesn’t need to match the exact
phrasing or grammar of the correct goal, but should feel natural and fit within the app’s context (e.g.,
settings, messaging, shopping, file management).

2. Focus on plausible misinterpretations: the user might think the person is doing something related
but different — changing a setting instead of deleting, sharing instead of saving, searching for a
contact instead of calling, etc.

3. Vary the action, target, or intent: use different verbs (edit, find, enable, share, create, view, check,
etc.) or objects (a message, a photo, an account, a notification, etc.) that appear or could appear in the
interface.

4. It’s okay if the grammar is slightly informal or simplified — real users don’t always phrase tasks
perfectly.

5. Do neot include explanations, reasoning, or meta-comments (e.g., no “attempt to”, “mistake”,
“analyze”).

6. Make sure the options are clearly different from the correct goal, but still contextually grounded in
the screenshots.

Only output the three distractors in the following format:

A. ..
B. ..
C

Table 15: Prompt for RI & SI Dimensions
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Translation Path Accuracy (%)

Original (EN) 87.2
ZH — EN 87.2
JA — EN 86.6
RU — EN 86.0
FR — EN 87.0
TH — EN 86.2

Table 16: Back-translation Accuracy (%) of Qwen
2.5VL-7B-Instruct on 500 VQA Samples. The first
column shows accuracy on original English questions,
while subsequent columns show accuracy on questions
back-translated from the target language to English.

Agmt. EN 7ZH FR RU JA TH

6vs.0 1693 1650 1621 1634 1602 1588
S5vs. 1 291 312 340 325 355 360
4vs.2 110 120 135 128 140 145
3vs. 3 42 54 45 50 48 52
2vs. 4 16 15 12 14 10 9
1vs. 5 1 3 2 3 1 2
0Ovs. 6 3 2 1 2 0 0
Total 2156 2156 2156 2156 2156 2156

Table 17: Summary of Rater Agreement Distribution
for all six languages. Agmt. denotes the Agreement
level; numbers represent the count of items for each
agreement configuration (e.g., “6 vs. 0” denotes total
consensus).

this stability, with Gemini and GPT-40 maintain-
ing shared dominance in RI (96% and 92% respec-
tively) regardless of the data source.

Capability-Driven vs. Style-Driven Results
The robust performance of Qwen-2.5-VL-7B-
Instruct, serving as a non-generator "third-party"
model, provides additional validation. Qwen con-
sistently achieves top-tier results in AEL (rank-
ing 1st in both subsets with 78% and 81%), prov-
ing that the benchmark measures standardized
GUI interaction skills that transcend specific LLM
prompting styles.

Quantitative Verification Quantitatively, the
Metric-wise Ranking Concordance remains high
(averaging 7 ~ 0.70 across tasks, with perfect
7 = 1.0 in AEL). Given the narrow performance
margins between these state-of-the-art models (av-
eraging < 2%), this degree of concordance is statis-
tically significant. It indicates that the performance
hierarchy is driven by the intrinsic P&R capabil-
ities of the evaluated models rather than stylistic
alignment with the generator, effectively neutraliz-

Lang. P, P. Fleiss’ <  Gwet’s AC1
EN 0.9120 0.8942 0.1682 0.8950
ZH 0.9055 0.8850 0.1783 0.8892
FR 0.8994  0.8790 0.1686 0.8810
RU 0.9021 0.8812 0.1752 0.8845
JA 0.8950 0.8710 0.1860 0.8780
TH 0.8920 0.8680 0.1818 0.8755

Table 18: Summary of statistical reliability metrics for
all languages. Lang. is Language; P, is Observed
Agreement; P, is Expected (Chance) Agreement. The
high ACI values across all settings validate the robust-
ness of the MPR-GUI-Bench data collection process
despite the prevalence paradox impacting the « values.

ing potential self-preference bias.

A.7 Details about FPR-ACC

We use the FPR-ACC parameter as the comprehen-
sive score for the fine-grained P&R capabilities of
the model on our MPR-GUI-Bench. Specifically,
we categorize the eight task dimensions into three
difficulty levels. The six static dimensions (Ta-
ble 2, d1-d6) involve only single-image perception
and are assigned a base weight of w; = 1. The
RI dimension (d7), which benefits from temporal
context across multiple screenshots, is assigned a
medium weight of w; = 1.5. The SI dimension
(d8), which requires inferring user intentions from
minimal visual evidence and sparse information
and represents the highest reasoning challenge, is
assigned the largest weight of wg = 2.

A.8 Case Study

To gain deeper insights into the limitations of cur-
rent LVLMs, we conduct a qualitative analysis of
typical failure modes across the various dimen-
sions of MPR-GUI-Bench. Figures 8 through 13
illustrate representative incorrect responses, high-
lighting the specific challenges they encounter in
GUI perception and reasoning.

A.9 Evaluations results on additional models
with broader size

As shown in Table 21, to verify the diagnostic
power of MPR-GUI-Bench, we extend our evalua-
tion to a broader spectrum of models, including an
LVLM for GUI agent: CogAgent-9B (Hong et al.,
2023) and two additional open-source baselines:
MiniCPM-o 2.6 (Yao et al., 2024) and Keye-VL-
7B (Kwai Keye Team, 2025a,b).
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Quality Assurance and Refinement Guidelines

1. Objective.

Ensure that each VQA sample is factually accurate, strictly grounded in visual evidence, and presents a
human-solvable yet non-trivial reasoning challenge without inheriting model-specific semantic styles.
If two independent annotators disagree on the answer after inspection, the sample must be flagged and
revised or removed. Non-trivial indicates that the question cannot be answered via a single salient cue
and requires integration of at least two visual or semantic cues (e.g., icon + text, color + position).

2. Question Evaluation Criteria.

(1) Visual Existence & Strict Grounding: all referenced Ul elements must be clearly identifiable in the
screenshot;

(ii) Factual Integrity: zero incorrect assumptions about GUI state (e.g., disabled vs. enabled);

(iii) Moderate Complexity: avoid trivial perception-only questions; require contextual perception and
reasoning;

(iv) Human Answerability & Legibility: discard samples with blurred, truncated elements or those
requiring insider app knowledge.

3. Answer and Distractor Standards.

The correct answer must be the only logically sound option. Distractors must be grounded in the
same interface and reflect plausible misinterpretations (e.g., similar icons in different regions), while
remaining mutually exclusive. Distractors must not be partially or conditionally correct and should
introduce subtle logical or spatial errors that penalize superficial pattern matching.

4. Stylistic and Terminology Refinement.

Remove Al-typical reasoning traces and conversational fillers to prevent exploitation of linguistic
priors. Enforce a concise, imperative tone consistent with real GUI interactions. Standardize platform-
specific terminology (e.g., “Tap” for mobile) and ensure localization fidelity by matching the exact Ul
lexicon shown on the screen for non-English samples.

5. Failure Mode Filtering (Mandatory Veto).

Discard or revise samples exhibiting:

(i) spatial inconsistency (incorrect relative positioning);

(ii) interactional logic violations in action prediction tasks;

(iii) shortcut cues such as systematic length, tone, or punctuation bias in the correct option;

(iv) evidence insufficiency, where answers rely on brand- or app-specific prior knowledge rather than
explicit visual evidence.

Table 19: Quality assurance and refinement guidelines used during data collection and annotation.
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Evaluated Model AEL REL AU AP WI WF RI SI
Generated by GPT-40
Gemini-2.5-Pro 58 92 81 91 79 63 96 80

GPT-40 72 83
Qwen-2.5-VL-7B-Instruct 78 90

92 91 94 84 96 76
84 91 91 86 96 72

Generated by Gemini-2.5-pro

Gemini-2.5-Pro 72 67
GPT-40 77 60
Qwen-2.5-VL-7B-Instruct 81 55

75 90 89 79 92 82
80 88 92 8 92 82
70 89 91 83 88 72

Table 20: Cross-verification of model bias using QAs generated by different backbones.

Perception

Reasoning

Model Lang FPR-ACC
AU AP WF WI AEL REL RI SI
Open-source LVLMs
EN 83.9 83.6 81.6 91.0 77.9 84.4 84.0 64.0 79.6
ZH 76.5 82.0 75.1 90.2 75.1 73.8 80.0 64.0 75.9
MiniCPM-o0 2.6 FR 76.5 79.0 77.8 89.9 74.3 76.8 76.0 60.0 74.6
: RU 74.6 79.5 72.3 86.6 72.4 73.8 64.0 56.0 70.2
JA 72.7 77.6 74.0 85.8 74.0 67.2 68.0 64.0 71.7
TH 66.4 74.0 60.6 78.1 63.1 42.6 52.0 40.0 57.1
EN 88.3 83.9 81.6 93.7 79.0 73.8 48.0 64.0 73.7
ZH 82.0 81.4 73.4 89.3 77.3 68.0 40.0 52.0 66.9
Keve-VL-7B FR 84.2 82.5 76.4 91.0 72.4 71.6 44.0 44.0 66.5
y RU 80.1 82.0 72.1 86.6 75.7 68.3 44.0 28.0 61.8
JA 78.1 82.2 71.2 86.6 72.7 58.2 36.0 40.0 61.4
TH 75.1 77.3 66.0 84.4 68.3 44.0 36.0 36.0 57.0
Multimodal GUI Agents
EN 63.8 78.1 63.8 81.9 52.0 40.8 44.0 36.0 54.6
ZH 62.8 74.3 59.3 78.1 54.0 31.6 60.0 36.0 55.0
CooAgent-9B FR 56.9 69.7 58.9 68.0 43.2 38.2 52.0 36.0 51.0
ogAge RU 552 724 524 672 439 316 560 520 53.8
JA 48.3 73.5 54.8 68.0 36.0 26.3 40.0 44.0 47.9
TH 50.0 69.7 54.8 68.6 32.0 31.1 40.0 20.0 42.8

Table 21: Performance results (%) for the three additional baseline models across all six languages. Within each
dimension, the highest and lowest accuracies are highlighted in green and orange, respectively, to demonstrate

the performance variance across different model scales.

B Details on GUI-XLI

B.1 Memory Construction Details

To ensure maximum inference efficiency and real-
time responsiveness, we maintain an extremely
compact memory for the foundational P&R capa-
bilities, where each dimension (AU, AP, WE, WI,
AEL, and REL) consists of only 10 entries.

For the reasoning-intensive dimensions (RI and
SI), relying solely on their own training samples
might be insufficient as they inherently depend
on foundational perception capabilities. Therefore,
we construct the memory for RI and SI by aggregat-
ing entries from the six foundational dimensions:
AU, AP, WE, WI, AEL, and REL. This aggregation
is performed independently at each layer to main-
tain the layer-wise alignment structure defined in
Section 4.3. This strategy ensures that the inter-
vention for reasoning tasks is grounded in robust
fine-grained perception cues.

B.2 Case before and after using GUI-XLI

As shown in Figure 14, we present a typical case
where GUI-XLI corrects a failed reasoning pro-
cess in a Chinese sample, leading to a successful
outcome.

B.3 Overview of GUI-XLI

In this subsection, we present the overview illus-
tration figure of our GUI-XLI method in Figure 15.

C Usage of LLMs

GPT-40 (OpenAl et al., 2024) was employed to
assist in refining the language and enhancing the
readability of the manuscript. All ideas, experi-
ments, analyses, and conclusions were conceived,
conducted, and verified by the authors.

29822



Tous les enregi...

©Gec oo

OF
@ e
s
°

Question: What immediate change will occur in the interface state if the user toggles the "Multiple users" option to its active state?
Options:

A. The interface will display a list of currently set users along with options to add or delete users.

B. A warning message will appear indicating potential privacy risks when using multiple users.

C. The screen will navigate to a user setup wizard to configure new user profiles.

D. An error message will be displayed indicating that user setup is unavailable at the moment.

Answer: A

Type: Action Understanding

Predict: C X

Question: 724 FIFRENRET, X7 HEREE WREN BEIECREMN L7
Options:

A “BRERER BB LD, BB,

B. Yt TGN S iEHE L B U P S IR DI REATARTE

C. B A B AR BB s

D. VIR ATE M X HE TR S B AT o

Answer: A

Type: Action Understanding

Predict: B X

Question: Quel est le résultat immédiat le plus probable de I'appui sur le bouton de lecture a cété de "Enregistrement standard 1" ?
Options:
A. L'enregistrement commencera a jouer et la synchronisation cloud reprendra.

B. L'enregistrement commencera a jouer avec un retour systéme indi que la synchronisation est toujours en pause.
C. L'enregistrement commencera a jouer et le systéme passera iq en "Mode haut-parleur”.

D. L'enregistrement commencera a jouer mais sans retour visuel ou audio.

Answer: B

Type: Action Understanding
Predict: C X

Question: Kakoe nenocpedcmeennwiii pesyiomam gvioopa onyuu "Ouucmka 6udeo” na smom sxpane?

Options:
A. Iepexoo na cmpanuyy, 20e 6U0€0 MOICHO YOATsimb NO OMOENbHOCMIL.
B. Omxp A 6CN. OKHO 0113 IPOUIKU NP P op paiinos ons ovucmyu.
C. 3anyckaemces Kuil npoyecc 1yuu 6U0€0.
D. Hnuyuupyemes ouucmka euoeo no éceii cucmeme 6e3 3anpocos nojtb306ameis.
Answer: A
Type: Action Understanding
Predict: D X
Question: [7 2G4 N DEEICHES [+] T4 I3>F807F5EE5450FT57?
Options:
A [T2EILA R B[ FAO—LEEHN #2>3>Dky TICBHLET,
B. [72EIGT K] BT A= It > X — (BN EFHFERT S v =0 FnEINET,
C. [F2EIHT L) 2" [T A—FEN] €23 AEMEH, T2 PA—IEX=DOT 2+
RTEBLIICHLYET,
D. [FZ2EXHALF) OEICHB [+] 714a>8" <) ICZP Y, TTICENIATOBILERLET,
Answer: D
Type: Action Understanding
) Predict: C X
Question: yinildus=il ‘mydluan® uadwinrssuiunsiiiilyiduniigaien:l
Options: ) B ) )
A. szuuugaerisnisivisiia imunanFesnudsaomind B. umefinawasulydoniaeii seaiaenn1smilnansng ]
C. szuuuansdenatnuaasiefianainda Maifinsataniluan
D. Bumasuinidlaludaminnasasriiiedmmasanisaiailian
Answer: A 4
Type: Action Understanding
Predict: B X

Figure 6: Examples of incorrect responses by LVLMs in AU dimension across 6 language settings.
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Question : The user wants to share their weekly step and distance summary on social media. To achieve this goal, which of the following description is true?
Options :

A. Tap "Sharing" — Choose social media app — Tap "Share"

B. Tap "Summary" — Tap the day with the highest step count — Tap "Sharing”

C. Tap the "W" tab — Tap "Sharing" — Choose social media app — Tap "Post"

D. Tap "Distance" under by day view — Tap "Sharing" — Choose contact — Tap "Send"

Answer: A

Type: Action Prediction

Predict: CX

Question: 5/ 1ETHRE] WHT BRARR AN, XK 1R, X THRH L EERH7
Options:

A. 7T R A Z B I VIR E AT s

B. ity YA R X TR AT

C. KIZRITIZHIA OTHZ) ST #e =t

D. 7 fRf BRI L 2B I TR E] AT B =

Answer: A

Type: Action Prediction

Predict: C

o -

Question: L'utilisateur souhaite définir un sortant p enl istrant. Pour cet objectif, laquelle des descriptions suivantes est vraie ?
Options:

A. Appuyez sur "Personnalisée”, appuyez sur "Ei A p X le appuyez sur "Valider”.

B. Appuyez sur "Par défaut", appuyez sur "Ecouter”, appuyez sur "Valider".

C. Appuyez sur "Pe. isée", tapez le appuyez sur "Valider".

D. Appuyez sur "Personnalisée”, appuyez sur "Enregistrer", appuyez sur "Annuler”.

Answer: C

Type: Action Prediction

Predict: A

Question: [lonws3 Xouem yo 20110c08y10 noumy ¢ nomepa +86 (21) 3986 5819 ¢ yempoiicmea. Ymobvr docmutb 5moil yeiu, Kakoe u3 ciedyiouux
onucanuil A61AEMCs GEPHLIM?

Options:

A. Haxemume knonky "Ipasums” — Ipoeedume éneeo no +86 (21) 3986 5819 — Haowcmume "Yoanums".

B. Haoweymume xnonky "lpasums” — Hasxcmume snauox "i" paoom ¢ +86 (21) 3986 5819 — Haxcmume "Yoanumsp".

C. dnumenvroe naxcamue na +86 (21) 3986 5819 — Haoemume "Yoanums .

D. IIposedume 6ne6o no +86 (21) 3986 5819 — Hascnmume "Voanums".

Answer: D

Type: Action Prediction

Predict: C X

Question: 1 —1'—[1KBEADEIKEB DFME/EEE Z/VEFERTWET, CDERIEERT S78I0, RDFHBD 55 EADIEL LTI D ?
Options:

A [KEEA) #1454 f€2> 3> Ty 7 FHDFMEFT,

B NI fer>a>n [KER] BAEEICR 71 7L THMIZT 2 X,

C. TFHD [BE] FXEH 0 TN 54 p €22 32>T [KEA #5227,

D.NA A fE2>3 T [KEA) ERIEL—FBDFHEZT,

Answer: A &

Type: Action Prediction

Predict: B

Question: {15Foamsat unguuituiianar i iiteussqulmunei mesuelade Wiihinge?
Options:
A. uaz "nguuivhadang” — uaz "adoau”.

B. unz "uflv" — unz "nguuiiuirantar ",

C. aafait "douia” — uns "nduiniudranldi ",

D. talumaetouu "175 uoy" — unz "nguuivinarl”.
Answer: A

Type: Action Prediction

Predict: BX

Figure 7: Examples of incorrect responses by LVLMs in AP dimension across 6 language settings.
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Question : Determine the position of the "Save" button on the screen.
Options :
e A. Upper-left quadrant in the floating button area
B. Lower-right quadrant in the main content area

= C. Bottom section in the toolbar area D. Lower-right quadrant in the floating button area.
Answer: D
Type: Absolute Element Location
Predict: BX

“ " Question ;| [FHEERL FTHFEG IR E,
Options -

A G ERR

B. Fij5jE8%

C. ETFHR

D. JE&5ESA

Answer D 4

Type - Absolute Element Location

Predict : B X

Question : Veuillez déterminer la position du bouton d'information bleu "i" sur l'écran
Options :

A. Quadrant supérieur gauche dans la zone de contenu principal

B. Quadrant inférieur droit dans la zone de bouton flottant

C. Quadrant supérieur droit dans la barre d'outils

D. Quadrant inférieur gauche dans la zone de contenu principal

Answer: C

Type: Absolute Element Location

Predict: A X

Question . [loxcanyiicma, onpedenume nonodxcenue knonku "Ommenums” na sxpane.
Options -

A. Bepxuuii nebvitl K6AOpanm, CMpoKa COCMOSHUS

B. Bepxnuii nebviii Kéaopanm, nanenb UHCMPYMEHMOos

C. Huorchuil nesulil kK6adpanm, 0CHOBHASL 0ONACHb KOHMEHMA

D. Cpeonsisi wacms, namens uHCmpymeHmos

Answer . B

Type . Absolute Element Location

Predict : A X

Question © FRED [H4 21 >0 (BN) | x> DEELDIZEEREL TS,
Options -

A DR, V=N —T YT

B. 5T DR, Fa8T7 2> 5 >/ —

C. FsFl, X4 >3>F> VT YT

D. L LEDOAART, f v TFET =5 N —

Answer : C 4

Type . Absolute Element Location

Predict : D X

Sy oad P,

Question © Wsassydumivvesaindadudmsy "uansgunsaiugysii hifive” luszuyitdmiilan
Options A
A. Tasnauude

avadornuitangin

B. lasinayuunm

C. lasinadnde

D. lasmnadnwn

Answer ! D &4

Type - Absolute Element Location
Predict © B X

Figure 8: Examples of incorrect responses by LVLMs in AEL dimension across 6 language settings.

29825



Question: Which element is located at the top-left corner of the screenshot?
Options:

A. Total focused time: 1467 mins

B. Year selection dropdown

C. Overview

D. Back arrow

Answer: D

I Type: Relative Element Location

Predict: C X

Question: “ Z;5 MIER " FF R AGXT T E B U iRF) AR BRI 47
Options:

A FE—EESFERAER T,

B. A —EES|FERER LT,

C. F[A—K-FirH EREAR L.

D. f[m—K-FirH EEaRZ.

Answer: A

Type: Relative Element Location

Predict: D X

Question: Quelle est la position relative de l'icone 'Play Store' par rapport a l'icone 'Chrome’?
Options:

A. Directement au-dessus

B. A gauche immédiate

C. Directement en dessous

D. 4 droite immédiate

Answer: A

Type: Relative Element Location

Predict: B X

Question: B omnowenuu 3nauka npunodicenus 'besonacnocms’, 20e Haxooumes 3Ha4oxk np enus 'Play Map 'Ha pepetice?
Options:

A. Ipsamo nao snaukom npunodicenus 'besonacrnocme'.

B. IIpamo cneeéa om 3nauka npunodxcenus 'Besonacnocms .

C. Juazonanvho evluie u cnpasa om snauka npunodicenus 'bezonacnocme .

D. Ilpamo cnpasa om 3nauka npunodicenus 'besonacnocms .

Answer: 4

Type: Relative Element Location

Predict: BX

Question: [ERED R 77> 3>DF < LICHZRELENTT D ?
Options:

A FEE L eFEEERE

B. T B4 FES & i05R

C. INTDBEFERE

D. BEEHRE E 5T

Answer: C &4
Type: Element Location
Predict: A X
Question: sadennssaenlafiogimitenisdasn Fumuthimnas laeaze?
Options:

A. fosmstads

B. wianiteuarsTnada

C. masarifisudial

D. aindidatladgmiy uiamdeuarsmadn”
Answer: A

Type: Relative Element Location
Predict: BX

Figure 9: Examples of incorrect responses by LVLMs in REL dimension across 6 language settings.
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Question: What is the primary function of the "Summary" tab highlighted at the bottom of this mobile UI?
Options:

A. To present detailed statistics about individual workout sessions

B. To provide a timeline view of various activities in chronological order

C. To offer a ion of rec led workout

D. To display a summary of total distances and activities grouped by months
Answer: B

Type: Widget Function

Predict: D X

Question: 1R FHIREEE FHIHIEIHE, X BIREMRERHIRZBHET T 1A/ EBHHLIEE?
Options:

A FHFRETE, FH TREYIERE.

B. [EAER, BHESH 3 K, BB E R,

C. BHIENERAERE, BHERL, BiREHEIEFEN.

D. #BiHSX 2" B, FEYIBNEACEE ERRXERA.

Answer: B

Type: Widget Function

Predict: C X

Question: En se basant sur les indices visuels présentés dans la capture d'écran, laquelle des fonctions suivantes peut étre directement activée a partir des
widgets visibles sans aucune navigation supplémentaire ?

Options:

A. Régler une nouvelle alarme dans le widget "Horloge"

B. Changer la fréquence sur le widget "Radio FM"

C. Calculer une expression mathématique dans le widget "Calculatrice”

D. Gérer les autorisations des applications dans la, i lité "Gérer les applications"

Answer: 4

Type: Widget Function

Predict: BX

Question: Kakas gynxyus euosicema mosicem Goinb 0€eHa U3 CKp pghetica HA OCHOBE BU3YANLHBIX OOKA3AMENLCME U3 MEKCMOBLIX MEMOK,
U UKOHOK U P ICeHUS?

Options:

i

A. @ynkyus noucka AkKMusHa, 4mMo 6UOHO NO BblOEIEHHOL UKOHKE JyNbl, PACNOLONCEHHOU 8 "nanenu oel 5
B. @ynkyus copmuposku no pazmepy akmueHa, 4mo 6uoHo no memie "Pasmep” u cmpeike paoom ¢ 3a201068KOM.

C. Dynryus 0obaesnenus akmueHa, Ymo 6UOHO NO BbIOENIEHHON UKOHKe nitoca 6 "nawenu deicmeuil” u eé cmanoapmuou GyHKyui.

D. @yuxyus yoanenus akmuena, 4mo UOHO no UKoHKe " Menio", np 7] 1p deticmeuil.
Answer: C

Type: Widget Function

Predict: BX

Question: = DUI T, FRINTOBREES > 20— —[CED UV THENIC L > TOSRELENTTH ?
Options:

A FEHRTD T 7 ANEHTT S

B RIY—2F 4 TFt—bHWXTTrANE [BEDZ 74 N] ICFR

C 77 ANEFH DT 740 T 7Y ERETS

D. HgED EE

Answer: C &4

Type: Widget Function

Predict: A X

0 ion: aannmmiae nimnsin Avazidlaldonlsd
Options:

A. uiath

B. wlimnide

C. duihs

D. sy

Answer: D 4

Type: Widget Function

Predict: C X

Figure 10: Examples of incorrect responses by LVLMs in WF dimension across 6 language settings.
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Question: Which interaction with the "ldentification of Unknown Numbers" setting would most likely change its current status?
Options:

A. Tapping anywhere on the "ldentification of Unknown Numbers" text.

B. Swiping right over the "On" label to disable the feature.

C. Long-pressing the "Incoming calls" option for expanded settings.

D. Tapping the arrow next to "Reply with SMS" to access detailed settings.

Answer: A

Type: Widget Interaction

Predict: B X

Question: 5/ il By SRETBLE P AT BH RS X EA?
Options:

A. RSB TS = %

B. 1B[EIF] F—RE.

C. BB o] 205 5 R BRI #E ) T

D. BHIFHREE, 15 IZRET AL

Answer: B

Type: Widget Interaction

Predict: D X

Question: Quelle interaction avec le paramétre "ldentification des numéros inconnus" changerait probablement son statut actuel ?
Options:
A. Appuyer n'importe ou sur le texte "Identification des numéros inconnus".
B. Balayer vers la droite sur le libellé "Activé” pour désactiver la fonctionnalité.
C. Appui long sur l'option "Appels entrants" pour des paramétres étendus.
D. Appuyer sur la fléche a coté de "Répondre par SMS" pour accéder aux paramétres détaillés.
Answer: A
Type: Widget Interaction
Predict: B X

Question: B mysvikanbHom udiceme, Kakoe Oelicmaue 6bl 8bIN0. 4mobbl 80CnpoU36e0eHuUe My3bIKi ¢ Hauana?
Options:

A. Haxtcmume KHONKY 80Cnpou36e0eHus

B. Hasicmume krnonky noemopa

C. Yoepowcusaiime 3Ha40K My3bIKU

D. JJeacobl Hadicmume KHORKY NPONYCKA HA3A0

Answer: D

Type: Widget Interaction

Predict: A X

Question: RSN TVOBUINCHES T, HIXZE—FE [K—FL—F] [CHPICEETE4 %7223 > T%
EENTI D ?

Options:

A THBDE— FERAS 7> 3 > FLEICR 71 7T 3,

B [BE| SNLEYYELSEFTHEYKRL %Y 7T 3,

CEHEEE>FA > TE2—EHNT B, D. FRDF + 7 F 4+ 1% e ZEINSETRIFLT S,
Answer: A

Type: Widget Interaction

Predict: BX

Question: uasniinaniiannsunsloneu ‘anmeniar meldsuusiinlng Siri Aaesls?
Options:

A. dlanmswennsaloinialasaziden siaasumdmndays GPS taqui

B. dsnnsusaistouanimenialiglddmivdianind

e Lm;-Nwﬁ’rﬁw‘iﬂuw”uw?‘ﬂumidﬁ'ﬂqmmﬁﬁﬁwfuﬂmuﬁﬁw']

D. iissnisnanmennalidaninaendnifenisdnietimaida

Answer: A 4

Type: Widget Interaction

Predict: C X

Figure 11: Examples of incorrect responses by LVLMs in WI dimension across 6 language settings.
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Question: What is the goal of the task shown in these screenshots?

Options: A. Set an alarm at 10:30 a.m. from Monday to Friday and turn it on.
B. Set an alarm at 10:30 a.m. for Saturday and Sunday and turn it on.

C. Set an alarm at 10:30 a.m. daily and turn it on.

D. Set an alarm at 9:30 a.m. from Monday to Friday and turn it on.

Answer: A 4

Type: Rich Information

Predict: A

Question: XLEE [ E5 49 H 521147

Options: A. R E—MO:3049/5%0, F—EEL, HHAR.
B. RE—MO:3059/5%, BEANEH, HIFE.

C. RE—MO30495%, &X, HHR.

D. ZE—19:308915%, BH—EEE, HHFR.

Answer: A &4

Type: Rich Information

Predict: D

02 00

Question: Kakosa yenv 3adauu, il HG SMUX CKP ?

Options: A. Yemanosump 6younshuk na 10:30 ympa ¢ nonedenvhura no
NAMHUYY U BKIIOUUMD €20.

B. Yemanosums 6younshux na 10:30 ympa na cy6bomy u 6ockpecenve u
GKTIOUUND €20.

C. Yemanosume 6younsnuk na 10:30 ympa esjicednesno u 6xaouuns e2o.

D. Yemanosums 6younsnux na 9:30 ympa ¢ nonedenvnuka no namnuyy u
GKIIOUUND €20.

Answer: A 4

Type: Rich Information

Predict: D X y,

Question: Quel est l'objectif de la tache montrée dans ces captures
d'écran ?

Options: A. Régler une alarme a 10:30 du lundi au vendredi et l'activer.
B. Régler une alarme a 10:30 pour sam. dim. et l'activer.

C. Régler une alarme a 10:30 Quotidiennement et l'activer.

D. Régler une alarme a 9:30 du lundi au vendredi et l'activer.

Answer: A

Type: Rich Information

Predict: D X

02 00 10 30 .

30

Question: CHAODIXZ Y —>>3 v MIRSATLBRXIZDE
BRATTTH ?

Options: A. FREA DO SHEHA DFF0:30/C 7 7 —LEZREL TH>
93,

B. +HEA & AR DFFI0:30/CT Z—LEZFEL TTHICT B,

C. BAFE0:30/C 7 Z—LEFREL TH T B,

D. FBAD 5 SMEADFEN:30/ICT7 7 —LEFREL TH T B,
Answer: A 4

Type: Rich Information

Predict: D X

30

pe ..
Options: A. sgnion 10:30 v, sunfiogns ussiilaliaon
B. saulgniant 10:30 u. dmitriuanfuazeniing uaziilalisn
C. darlgniaan 10:30 1. g uazidln o

D. dlgniaan 9:90 w. Suniinnt uazila o

Answer: A 4

Type: Rich Information

Predict: D

” £ ey
Wmange, mwiniaawmaiiAees?

Figure 12: Examples of responses by LVLMs in RI dimension across 6 language settings.
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Question: What is the goal of the task shown in these screenshots?
Options: A. Open the sport app.

B. Check today's step count in the health app.

C. View the details of your latest swimming session.

D. Review your activity rings to assess your exercise goals.
Answer: B

Type: Sparse Information

Predict: D X

Question: X LEEL & B HIIESE B 247
Options: A. #T7FEz)/ fHo

B. ZEFERFENHFHISHAH,

C. BELRE— KV IFHIE S

D. ZEEAII2S [ LY I BRI 5 B #ro
Answer: B

Type: Sparse Information

Predict: B &4

Question: Quel est l'objectif de la tache montrée dans ces captures d'écran ?
Options: A. Ouvrir l'application de sport.

B. Vérifier le Nombre de pas d'aujourd’hui dans I'application de santé.

C. Voir les détails de votre derniére séance de Nage en piscine.

D. Examiner vos Anneaux Activité pour évaluer vos objectifs d'exercice.
Answer: B

Type: Sparse Information

Predict: B €4

Question: Kaxosa yenv 3a0a4u, NOKA3aHHOU HA IMUX CKPUHWOMAX?
Options: A. Omkpbims cnopmugHoe npuiodiceHue.

B. IIposepums konuuecmeo uiazoe 3a ce200Hs 8 NPUIONUCEHUU 300P06bA.
C. IIpocmompems demanu éauieli nocieoHell MmpeHuposKi No NAA6AHUIO.
D. Ilpocmompemsv Konvya Axkmugnocmu, umobbl oyeHums sauiu yeau no
VRPAICHEHUSM.

Answer: B

Type: Sparse Information

Predict: B &4

BB RAIER, X EE#HIZHE Case T

Question: CNODX 2 Y =223y MIRIATHWBEXI DA
12T T D ?

Options: A. X — 2 771 #£5<,

B. NN R T T THHDHEHEHERT B,

C BHDRA Ity 3 > DsEHEFrT B

D. 7274 EF a4 YT EBHRL TT 2 YY1 XFIEESHTT S,
Answer: B 4

Type: Sparse Information

Predict: B &4

Question: iwhinegessuiinandlunmmhaemanianesls?
Options: A. {flausiivin

B. mmm@m”ﬂmuﬁwq&ﬂﬁuuﬂd@mm

C. @mmmé’ymamﬂ'ifudwﬁm‘vtgmwamm

D. nmsasussuvauianssugesnauiieyszdunvaneniseeniaaame
Answer: B 4

Type: Sparse Information

Predict: D X

Figure 13: Examples of responses by LVLMs in SI dimension across 6 language settings.
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Input image: Question:
F P AR E A S e R A i — A
Wyl R o N 7SI B,
AT WAt 3 2 IEff ) 2

Type: Action Prediction

Ground Truth: (A)

Choices:

(V) fE LA G — T LA T~ A BT~ M
R W

(B) Al LAl “+7 — M\ CUFE — WIS IR —
LS ikt .

© Ailife Bl S — A T — i B <~ M5
T W

(0) M E el R — A B <~ B g
W

w/o GUI-XLI:

PP AR SR ph AR TR s I — ANy <Al ARE S A R AN ) Ag
Beih, IEWRRERIE D RN R S S e B A 7 ARSI . SR
JREIN TR, R MSIRFGESE R o Nk, IEFREIUE B.

The correct answer is: B Wrong

w/ GUI-XLI:

F P AR A S B AR R A — AN <l e R B A\ g
ACMEGRIF I . S8 a, SdA LA 7 AR IET . #% 1
K, N CHFE” , FEMFIRAER @ o &G, TERENIIEE. XX
T Ao

The correct answer is: A Correct

Figure 14: A typical case to show the effectiveness of GUI-XLI.
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? The user wants to change the language . ? FPRRE S R E SO PEPER . N T %
setting to Spanish. To achieve this goal, e BLIZA HAR, BUFHRANR R E ) ?

which of the following description is true? "~ \nOptions: A: ... B: xiili"English (US)"— 7£%1
\nOptions: A: ..B: Tap \"English (US)\" — i) #)" Spanish"— giii"Spanish” C: ...
Swipe to \"Spanish\" in list —~ Tap D: ..

\"Spanish\" C: ... D: ...

f 52

- Reason: £ i T4 e ¥ 73 #7...\n\n

Reason: After reviewing ..\n\nCorrect  © === Correct Option :B: siii"deif (R[E) "— 7  ©™"
Option: B: Tap \"English (US)\" — Swipe ~ ~ "™~ ——  FiRAMIHIEIFE — AdEREFE. T
to \"Spanish\" in list — Tap \"Spanish\ © srenses

2 0 0 ¢« a 0o @

2]+ 2| I2

1.6UI-XL-Memory —

Question Difference
Vectors Vectors

—
s . . . :
ESRIYEIDRAIIED . . : . Average

—

Eid. N T LB
ASHAR, LU

HgRILT? ! Reason: i/l HAR ...

I 1 1
1. B AR
Ac B RTEILT g et T G 3 . o —
BLFIR R — s+ A el | 0 .
o\ s 2id. \n\nCorrect Option:B:
%l — AL War 0 w,n 1 11—
XA C: . D: R MR — S i j e DEES e
A — I NZEL Sk an I
| Similarity

Figure 15: An Overview of our GUI-XLI method. Step 1 GUI-XL-Memory: We sample semantically parallel
VQA pairs to form entries in GUI-XL-Memory. GUI-XLI uses semantically parallel entries from Step 1 as
reference anchors to steer non-English states in Step 2. Step 2 Cross-lingual Representation Intervention: When
answering non-English questions, related entries are retrieved to calculate cross-lingual discrepancy vectors and
then injected to certain layer as intervention to add P&R capabilities to non-English settings.
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