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Abstract

Evaluating the multilingual capabilities of Large
Vision-Language Models (LVLMs) remains
challenging because most benchmarks rely on
non-parallel corpora, making it unclear whether
cross-lingual performance gaps reflect model
limitations or dataset inconsistencies. To ad-
dress this, we introduce PM*Bench, the first
multimodal, multilingual, multi-task benchmark
built on a strictly parallel 10-language corpus,
enabling fair, apples-to-apples cross-lingual
comparison of model performance. We further
introduce a vision setting that embeds textual
inputs directly into images, better approximat-
ing deployment scenarios where LVLM-driven
agents interact with virtual or physical envi-
ronments through unified visual observations.
Experiments with 10 LVLMs reveal that OCR
is a key factor behind cross-lingual dispar-
ity when textual content is rendered visually.
Motivated by this, we design an OCR-centric
GRPO training strategy using fully synthe-
sized, label-free OCR data, without expensive
task-specific VQA supervision. The resulting
model improves general multilingual VQA ca-
pability, reduces cross-lingual disparities under
the vision setting, and transfers gains beyond
PM*Bench. This methodology offers an ef-
ficient, label-free pathway toward more equi-
table multilingual deployment of LVLM-driven
agents.

1 Introduction

Large Language Models (LLMs) excel at QA, rea-
soning, and instruction following, yet performance
gaps persist across languages even on language-
agnostic tasks like math and code. Prior work
attacks the problem from multiple angles: model
mechanisms (Wendler et al., 2024; Tang et al., 2024;

*Equal contribution. T Corresponding author. ¥ Project
lead. Code and Data: github.com/opendatalab/PM4Bench.

Zhao et al., 2024), multilingual corpora (Xue et al.,
2021; Yu et al., 2025a), training and inference tech-
niques (Zhu et al., 2024a; She et al., 2024; Zhu
et al., 2024b; Shi et al., 2023; Huang et al., 2023),
and benchmarks (Sun et al., 2024; Zhang et al.,
2025; Huang et al., 2025).

Large Vision Language Models (LVLMs) extend
this picture to multimodal input and now serve
as the perceptual backbone of multimodal Al
agents that read smartphone, web, and desktop
interfaces as images. LVLMs inherit cross-lingual
disparities from LLMs and add new ones, notably
imbalanced text recognition across scripts, which
results in uneven user experience once these agents
are deployed globally.

A comprehensive evaluation of LVLMs in multi-
lingual scenarios is essential for identifying short-
comings and guiding optimization, yet most exist-
ing benchmarks fall short on two axes. (1) Non-
parallel corpora: which introduces uncontrolled
variance across languages, making it difficult to
isolate whether performance gaps among languages
stem from differences in corpus content or funda-
mental model capabilities. (2) Text and images are
processed as separate streams, which differs from
realistic deployment scenarios where Al agents
must interpret unified visual observations while
interacting with virtual or physical environments.

To address these gaps, we introduce PM*Bench,
to our knowledge the first multilingual, multimodal,
multi-task benchmark that simultaneously satisfies:
(i) a strictly parallel 10-language corpus, where
semantically identical content is rendered in every
language, enabling apples-to-apples cross-lingual
comparison; (ii) a vision setting that fuses text
and images into a single visual input, better ap-
proximating real-world usage scenarios; and (iii)
a multi-perspective multi-task evaluation suite
that probes diverse capability dimensions, spanning
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Figure 1: Overview of PM*Bench. (1) Existing problems with current multilingual LVLM benchmarks: non-parallel
corpora confound model capability with content variance across languages; text-image separation diverges from
realistic deployment, where agents observe unified visual interfaces; and lack of cause analysis leaves the drivers of
cross-lingual disparity and vision-setting performance drops undiagnosed. (2) PM*Bench (ours): (A) strictly
parallel content fixes semantics, layout, and answer across 10 languages so only the language varies; (B) a vision
setting embeds text inside the image, matching how agents perceive real interfaces; (C) four complementary tasks
jointly measure cross-lingual consistency from multiple dimensions. (3) Key findings: OCR is a shared cross-lingual
bottleneck under vision, motivating our label-free OCR-centric GRPO recipe whose gains transfer to external

benchmarks (CC-OCR, MTVQA, OCRBench).

reasoning VQA, open-ended generation, multi-
scale OCR, and coordinate-based MGUI grounding.
Taken together, these properties let us probe per-
language performance on identical content and
reason about cross-lingual gaps on equal footing.

Using PM*Bench, we evaluate 10 LVLMs cov-
ering leading commercial APIs and open-source
models, and observe pronounced performance drops
alongside sharper cross-lingual disparities under
the vision setting. Since vision differs from
traditional only in that text now lives inside the
image, OCR is the natural candidate for explaining
the gap. Further analysis supports this in §6.2: a
controlled experiment that supplies ground-truth
text alongside the vision input visibly narrows the
gap, and per-language OCR task scores correlate
strongly with VQA performance. Together they
identify OCR as a key bottleneck behind cross-
lingual disparity and performance drop. Base-model
capability remains the upper bound, but OCR is a
high-leverage axis we can intervene on cheaply.

Motivated by this, we propose an OCR-centric
reinforcement learning recipe using Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
on Qwen3-VL-8B-Thinking. The core design is a
dual reward that strengthens OCR while preserving

the model’s general capability: an OCR accuracy
term sharpens recognition, and a length/format
term keeps the chain of thought intact, since pure-
accuracy optimization otherwise collapses CoT and
degrades reasoning-heavy tasks (Table 4). Trained
on fully synthesized, label-free OCR data, the
resulting model improves performance across
tasks, settings, and languages on PM*Bench, and
the gains transfer to multilingual benchmarks
beyond PM*Bench, evidencing genuine general-
ization. Upgrading fundamental OCR skills is thus
a scalable, low-cost pathway to boost the model’s
multilingual performance prior to release.

Overall, our work closes the loop between evalu-
ation and improvement for more equitable global
deployment of LVLMs: we provide a fair evaluation
yardstick, identify a high-leverage optimization
direction, and demonstrate a low-cost mitigation
strategy.

* From evaluation gap to benchmark con-
struction. We introduce PM*Bench, the first
10-language strictly parallel-corpus bench-
mark with a vision setting that fuses text and
images into a single visual input, enabling
apples-to-apples cross-lingual evaluation from
diverse capability dimensions.
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* From benchmark evaluation to bottleneck
diagnosis. We evaluate 10 LVLMs and
find that the vision setting is harder than
the traditional interleaved-input, exhibits
sharper cross-lingual disparities on all tasks
and capability dimensions. Further analysis
identifies OCR capability as a key bottleneck
behind these disparities.

* From bottleneck diagnosis to targeted miti-
gation. We propose an OCR-centric GRPO
training strategy using label-free synthetic
OCR data, improving performance across
tasks, settings, and languages on PM*Bench
while yielding transferable gains in general
multilingual capabilities beyond PM*Bench.

2 Related Work

LVLM Benchmark Early benchmarks (Liu et al.,
2024a; Fu et al., 2025; Li et al., 2024) relied on
MCQ or short VQA; recent work shifts to open-
ended evaluation (MMDU (Liu et al., 2024c¢)) and
pure visual input (MMMU-pro (Yue et al., 2025)).

Multilingual Benchmark Many multilingual
LLM benchmarks are built by translating English
evaluation items, as in MGSM (Shi et al., 2023);
naturally occurring multilingual resources such as
XL-Sum (Hasan et al., 2021) avoid this route, while
recent efforts like P-MMEval (Zhang et al., 2025)
and BenchMAX (Huang et al., 2025) use parallel
corpora for fair cross-lingual comparison.

Multilingual LVLM Benchmark Existing multi-
lingual LVLM benchmarks evaluate visual question
answering and reasoning (Pfeiffer et al., 2022; Liu
et al., 2021; Changpinyo et al., 2023; Bugliarello
et al., 2022), text-centric VQA (Tang et al., 2025),
exam reasoning (M3Exam (Zhang et al., 2023),
EXAMS-V (Das et al., 2024)), and multilingual or
culturally grounded content (CVQA (Romero et al.,
2024), M5-VLOD (Schneider and Sitaram, 2024),
ALM-bench (Vayani et al., 2025)). Non-parallel
corpora, however, conflate language ability with
data artifacts, while parallel-corpus benchmarks
(M4U (Wang et al., 2026), MMMB (Sun et al.,
2025), XT-VQA (Yu et al., 2025b)) retain mixed
text-image inputs and lack matched pure-vision
evaluation.

Multilingual OCR as a Training Driver From
an orthogonal model-development perspective, Cen-
turio (Geigle et al., 2025) studies multilingual train-
ing mixtures across 43 languages and finds that
non-English OCR data in both pre-training and

instruction tuning are critical for multilingual text-
in-image understanding. This complements our
evaluation-side evidence: Centurio asks which train-
ing data create the capability, whereas PM*Bench
holds content parallel and uses matched input set-
tings, ground-truth-text injection, and OCR-centric
post-training to diagnose recognition as the bottle-
neck behind cross-lingual downstream gaps. The
convergence connects a training-data driver with a
controlled behavioral mechanism.

GUI-Agent Benchmarks and the Multilin-
gual Gap GUI grounding and interaction have
become core capabilities for multimodal agents,
evaluated across ScreenSpot (Cheng et al., 2024),
ScreenSpot-Pro (Li et al., 2025), Mind2Web (Deng
et al., 2023), VisualWebArena (Koh et al., 2024),
and OSWorld (Xie et al., 2024); these resources are
overwhelmingly English-only. MPR-GUI (Chen
et al., 2026) contributes parallel multilingual GUI
perception and reasoning but no coordinate ground-
ing. macOSWorld (Yang et al., 2025a) provides
a comprehensive 5-language interactive macOS
environment with coordinate-based GUI interaction.
However, studying cross-lingual capability imbal-
ance requires a corpus that is parallel both visually
and linguistically across runs, which an interactive
multi-step environment cannot maintain because
the Ul state diverges across trajectories.

As summarized in Table 1, to our knowledge
no prior benchmark combines a strictly parallel
multilingual corpus, pure-vision input, open-ended
generation, OCR diagnostics, and coordinate-based
GUI grounding in one controlled suite. Pooling non-
parallel benchmarks would reintroduce the content
and source confounds that the verified parallel
construction is designed to remove.

3 PM“Bench

3.1 Design Principles

PM“Bench is built on four principles: (1) Targeted
Language Selection, covering diverse families and
writing scripts; (2) Parallel Corpus, semantically
identical content across languages so any score
gap reflects model capability rather than corpus
variance; (3) Vision Setting, with text and queries
“printed” onto images to simulate real applications;
(4) Task Diversity, spanning competencies relevant
to LVLM and agent deployment. Rendering-side
confounds are controlled by sharing identical tem-
plates, font families, decorations, and backgrounds
across languages; inherent script-level differences
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Benchmark #Lang Parallel Pure-Vision Knowledge/ Open-end. OCR Coord.
g Corpus Input Reason. Gen. Challenge GUI
xGQA (Pfeiffer et al., 2022) 8 QV,AX X v X X X
MaRVL (Liu et al., 2021) 5 X X v X X X
XVNLI (Bugliarello et al., 2022) 5 v X v X X X
xFlickrCO (Bugliarello et al., 2022) 8 X X X X X X
MaXM (Changpinyo et al., 2023) 7 X X v v X X
M3Exam (Zhang et al., 2023) 9 X X v X X X
EXAMS-V (Das et al., 2024) 11 X v v X X X
MTVQA (Tang et al., 2025) 9 X X v v v X
CVQA (Romero et al., 2024) 31 X X v X X X
M4U (Wang et al., 2026) 6 TV,IX X v X X X
MMMB (Sun et al., 2025) 6 v X v X X X
MS5-VLOD (Schneider and Sitaram, 2024) 12 X X v X X X
ALM-bench (Vayani et al., 2025) 100 v X v v X X
XT-VQA (Yu et al., 2025b) 3 TV,1X X v v v X
macOSWorld (Yang et al., 2025a) 5 vt X v X X v
MPR-GUI (Chen et al., 2026) 6 v X v X X X
PM*Bench (ours) 10 v v v v v v

Table 1: Comparison of PM*Bench with related multilingual multimodal benchmarks. Knowledge/Reason.: v'if any
included task uses knowledge or reasoning. *: translated questions, English answers. *: macOSWorld has parallel
instructions and coordinate-based actions; multi-step runs can diverge in UI state.

(Iength, density, direction) are deliberately preserved
so scores reflect real-world deployment challenges.

3.2 Language Selection

PM*Bench supports 10 carefully selected languages:
en, zh, ko, th, vi, ru, hu, sr, cs, ar. We quantify their
graphic complexity following GraphCom (Chang
et al., 2018); details are provided in Appendix C.

3.3 Task Introduction

Following Section 3.1, PM*Bench includes a par-
allel 10-language corpus across four tasks: Multi-
Discipline Understanding and Reasoning (MDUR),
Multi-Image Question Answering (MIQA), Multi-
Scale OCR Challenge (MSOCR), and Multilin-
gual GUI Grounding (MGUI). Task statistics are
summarized in Table 2; per-task examples are in
Appendix A.

#sample .
Task (per lang,) QA Type Settings
MDUR 1730 MCQ trad./vis.
MIQA 218 OE trad./vis.
MSOCR 100 OCR vis.
MGUI 200 Coord. Grounding vis.

Table 2: The 4 tasks of PM*Bench. Detailed explanation
of trad./vis. settings is in Section 3.4.

(1) Multi-Discipline Understanding and Rea-
soning (MDUR) assesses college-level multimodal
reasoning. We source 1,730 English multiple-choice
questions from open-sourced MMMU-pro (Yue
et al., 2025) and translate them into 9 additional lan-
guages (details in Section 3.5). Since MMMU-pro’s

native vision-only variant is English-restricted, we
built an HTML-to-screenshot pipeline that embeds
text and images into webpages with randomized
fonts and backgrounds, guaranteeing identical lay-
outs across languages. MDUR yields 1,730 cases
per language under both traditional (interleaved)
and vision (single rendered image) input formats.

(2) Multi-Image Question Answering (MIQA)
targets open-ended QA over multi-image inputs.
We sampled 218 QA pairs from MMDU (Liu et al.,
2024c), a Wikipedia-sourced multi-turn multi-image
benchmark, and translated them into 9 languages.
Both traditional and vision settings are pro-
vided; for vision, question text and reference im-
ages are placed on a 1280-pixel-wide canvas.

(3) Multi-Scale OCR Challenge (MSOCR)
probes multilingual text-recognition limits. Each
image contains 20 lines of semantically meaningless
words from Wikipedia parallel corpora rendered
with decreasing font sizes (40 down to 2); the
recognition threshold is the first line where errors
occur. We provide 100 images per language, se-
mantically identical across languages. MSOCR
offers a strictly parallel visual corpus and a fully
automated, easily extensible construction; in our
cross-lingual-balance focus, this lets us evaluate
the OCR dimension cheaply and apples-to-apples
across languages.

(4) Multilingual GUI Grounding (MGUI) eval-
uates an LVLM as a multilingual GUI agent, fol-
lowing the coordinate-based grounding paradigm
of ScreenSpot (Cheng et al., 2024). We create 100
reusable HTML/Jinja webpage templates spanning
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Figure 2: The translation of PM*Bench’s parallel texts
involves three steps: 1) Kimi K2 Reference Generation;
2) Human Rewriting; 3) Claude Selection.

10 common product surfaces (e.g., flight search,
seat map, payment; full list in Table 7) and pro-
grammatically render each in all 10 languages on
a fixed 1280 x 800 layout. Each image is paired
with two instructions, so each language has 200 test
items in total. Every natural-language instruction is
indirect (e.g., “I’m emigrating abroad and won’t
need a return ticket, switch the trip type so I'm
only booking the outbound leg.”), without leaking
the text label of the target button, and the model
must emit a single click coordinate (z, y) inside the
target element’s bounding box. Once the templates
are specified, rendering and language instantiation
are automated and human-translation-free, making
MGUI inexpensive to scale.

3.4 Settings

To better reveal the capabilities of LVLMs and
help in-depth analysis, we adopt diverse settings
across tasks (see Table 2 for a summary). (1)
Vision setting. The LVLM receives a single image
containing all the information necessary to complete
the task; the text prompt is minimal, typically a
concise instruction such as “Answer the question in
the image.” This setup encompasses all four tasks.
(2) Traditional setting. The textual content of the
questions and the embedded images are provided as
separate inputs (MSOCR and MGUI are excluded
by construction, as they only meaningfully exist as
a single image).

3.5 Translation Pipeline

To ensure data quality, we adopt an LLM-and-
human-expert in-loop pipeline for the parallel cor-
pus of MDUR and MIQA. As shown in Fig. 2, it has
3 stages: reference translation, manual translation,
and selection.

We first use Kimi K2 (Kimi Team, 2025), which
is not in our evaluation set, to generate a reference
translation. The original English plus the refer-
ence are then given to two independent groups of
native-speaker annotators (also proficient in En-
glish); each group internally verifies and submits
its own translation. Finally, the original English
plus the 3 candidates (1 machine + 2 human) are
passed to Claude Sonnet 4.5 (Anthropic, 2025) (also
outside our evaluation set) to pick the best. For
MIQA, 64% of selected translations were human;
for MDUR, this exceeded 99%. The gap reflects
task content: MDUR’s items lean on rigorous nu-
merical and domain-specific phrasing where minor
mistranslations can flip correctness, so human can-
didates dominate; MIQA'’s plainer descriptive prose
lets machine and human candidates compete on
near-equal footing.

4 OCR-centric GRPO Reinforcement
Learning

Results in Section 6.2 indicate that multilingual
OCR robustness is a key factor behind cross-lingual
disparity in LVLMs. To directly target this factor, we
design a simple yet effective OCR-centric reinforce-
ment learning strategy for Qwen3-VL-8B-Thinking
based on Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), which boosts other
non-OCR tasks and mitigates cross-lingual imbal-
ance. We choose GRPO for this setting because
we aim to improve OCR while preserving the base
model’s general-task reasoning. In our diagnostic
comparison using the same synthetic OCR corpus,
full-parameter and LoRA SFT degrade MDUR
from their earliest audited checkpoints, whereas
reward-constrained GRPO improves it (Table 6).

Synthetic multilingual OCR training data. We
automatically construct a synthetic OCR dataset
without any human annotation. For each sample,
we first choose a random background image and
resolution/aspect ratio, then render multiple lines
of text, one per language. Each line is composed
of semantically meaningless noun combinations
from Wikipedia, so that no language receives an
advantage from specific semantics. Font style and
font size are also randomly perturbed. Refer to
Appendix A.5 for examples.

GRPO reward design. Our reward function is
designed to enhance multilingual OCR capabilities
without compromising general abilities. Let s de-
note the full generated sequence (chain-of-thought
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plus final answer) with length [ = |s|, and let y
be the answer extracted from the \boxed{} span
within s. The ground-truth is denoted by y*. Our
total reward consists of an accuracy reward R,
and a formatting reward Ry, that regulates output
length.

1) Format and Length Constraint R, Two
issues, identified through case studies on early
training rollouts, motivate this term: overly long
or under-structured outputs degrade general task
performance, and pure OCR accuracy optimiza-
tion causes the model to abandon chain-of-thought
reasoning, degrading general performance. We
define a target length interval [Lin, Limax|, Write
Ay =1 — Lyax for excess length, and use g(d) =
min(1,log(1 + d/)\)), with scale parameter A, for
logarithmic growth. The penalty Pie, (1) is

1-— Z/Lmina < Lmina
Plen(l) = 0, Lmin < ! < Lmax»
g(Al)7 [ > Lnax-

(1
Additionally, to prevent degenerate repetition,
we compute the unique 4-gram ratio p(s) =
NG| /INA. A penalty Prep(s) is applied if this
diversity metric falls below a threshold 7:

Prep(s) = max (0, 1-— p(s)) . (2)
T
The combined formatting reward Ry (s) encour-
ages sequences within the target length while penal-
izing undesirable behaviors:

Rfmt(s) = al]l[LmimLmax](l) - OQPlen(l)
— 3 Prep(5)-

Here I, . ;. 1(l) equals 1 when [ lies in the
target interval and O otherwise. Thus, a; supplies a
constant positive reward within the interval, while
oz and a3 weight the length and repetition penalties.

2) OCR Accuracy Reward R, We measure
the correctness of the extracted answer ¥y using
the normalized Levenshtein distance, denoted as

Dlev('7 )

3

Dl 5 *
Racc(y7y*) =1- Lyz‘ “)
max(|yl, |y*])
3) Total Reward. The final reward is a weighted
sum emphasizing accuracy while maintaining struc-

tural constraints:
R(S, y*) = w1 - Racc(y,y*) + w9y - Rfmt(8)7 (5)

where w; and w9 are weighting hyper-parameters.

S Experiment Settings

5.1 Evaluation Protocol

To comprehensively compare the performance of
various kinds of LVLMs, we include the follow-
ing 10 models in our experiment. Leading com-
mercial APIs: Gemini-3.1-Pro-Preview (Google
DeepMind, 2026), GPT-5 (OpenAl, 2025), GPT-5-
mini (OpenAl, 2025), Doubao-Seed-1.6 (ByteDance
Seed, 2025); and open-source models: Llama-4-
Maverick (Meta Al, 2025), GLM-4.5v (GLM-V
Team, 2025), and Qwen3-VL series (Bai et al.,
2025). All models are evaluated with greedy de-
coding under default chat template. QGO-8B uses
AdamW at 1 x 1079 with 32 prompts and 8 roll-
outs per prompt, yielding 256 sampled trajectories
per optimization step; rewards and group-relative
advantages are computed per rollout. We select
the step-200 checkpoint, reached in approximately
9 hours on 8 NVIDIA H200 GPUs. Detailed in-
ference and training configurations are provided
in Appendix H; per-task prompts are listed in Ap-
pendix B.1.

5.2 Metrics

For the performance score of MDUR, we evalu-
ate the correct ratio SMPVR — N . /Niotal. For
MIQA, we adopt the LLM-as-judge approach from
MMDU, using DeepSeek-v4-flash (DeepSeek-Al,
2026) (outside our evaluation set and model fami-
lies) to rate responses across six dimensions: Cre-
ativity, Richness, Visual Perception, Logical Co-
herence, Answer Accuracy, Image Relationship
Understanding, against human-provided references.
The final score averages these six dimensions:
SMIQA — L le\il (% > deD Si(d)>. Appendix E.1
confirms the reliability of this judge against the
disparity of language capability of judge model;
Appendix E.2 additionally reports a cross-validation
with Claude-Opus-4.7 (Anthropic, 2026) as judge:
per-language scores agree with DeepSeek-v4-flash
judge with minor variance. The score for MSOCR
is GMSOCR — L vazl(élo — 8;), where s; is the
font size of the line where image ¢ first errs, and
the constant 40 equals the maximum font size,
ensuring scores start at 0. For MGUI, we mea-
sure click accuracy: each item asks the model
to emit a coordinate (x,y), and the prediction is
correct if it lies inside the ground-truth bounding
box, SMGUI — % Zfil 1 [(a:z, yi) € bboxi] x 100,
following ScreenSpot (Cheng et al., 2024). Coor-
dinates emitted in the conventional 1000 x 1000
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MDUR MIQA MSOCR MGUI

Model Savg. T ch. \L Savg. T ch. xlf Savg. T ch. \L Savg. T ch. \l/

trad. vision trad. vision trad. vision trad. vision vision vision vision vision

Gemini-3.1-Pro-Preview ~ 80.24 78.45 0.018 0.024 60.27 53.11 0.097 0.077 30.38 0.238 87.10 0.026
GPT-5 72.89 69.03 0.010 0.037 54.82 5595 0.057 0.046 1631 0.594 10.56 0.264
GPT-5-mini 69.78 69.13 0.013 0.028 62.98 61.55 0.032 0.044 13.58 0.676 14.83 0.185
Llama-4-Maverick 57.50 48.29 0.026 0.077 46.07 44.05 0.071 0.080 8.27 0943 5480 0.214
GLM-4.5y 55.03 4696 0.054 0.272 50.66 43.37 0.060 0.296 7.70 1.398 7440 0.186
Doubao-Seed-1.6 59.59 5440 0.054 0.176 55.06 47.04 0.065 0.233 8.58 1.100 8145 0.109
Qwen3VL-235B-Thinking 65.04 61.53 0.024 0.062 61.56 54.35 0.041 0.126 1599 0.605 89.15 0.024
Qwen3VL-235B-Instruct ~ 61.07 56.49 0.037 0.083 61.96 59.52 0.131 0.162 18.34 0.569 82.10 0.077
Qwen3VL-32B-Thinking  64.04 60.46 0.017 0.098 5498 49.46 0.062 0.160 11.37 0.794 86.35 0.048
Qwen3VL-8B-Thinking ~ 38.55 34.88 0.061 0.218 53.63 47.69 0.072 0.216 1.53 1.145 7830 0.130
QGO-8B (ours) 46.82 40.84 0.080 0.190 55.24 51.06 0.060 0.174 8.17 0.759 80.00 0.095

Table 3: Overall model performance comparison on MDUR, MIQA, MSOCR and MGUI, where S,y,. is the average
score across 10 languages, and S, refers to the coefficient of variance among 10 languages. Best values in bold,
second best underlined. The Qwen3-VL-8B-Thinking model after OCR-centric reinforcement learning is denoted as
QGO-8B. Qwen3-VL-235B-A22B-Thinking/Instruct is referred as Qwen3VL-235B-Thinking/Instruct for brevity.

MDUR

—— Gemini-3.1-Pro-Preview
GPT-5

—— GPT-5-mini

—— Doubao-Seed-1-6

—— Llama-4-Maverick

—— GLM-4.5v
Qwen3-VL-235B-Thinking

~——— Qwen3-VL-235B-Instruct
Qwen3-VL-32B-Thinking

~——— Qwen3-VL-8B-Thinking

MGUI

Figure 3: Scores (vision setting) of each model and each language across all four tasks of PM*Bench.

normalized space are rescaled to the 1280 x 800
canvas before the bbox check.

6 Results & Findings

6.1 Overall performance & cross-lingual
disparity

Table 3 reports overall results, with average score
(Save. ) and coefficient of variation (Scy, = o /X
100%, measures cross-lingual variance) computed
across 10 languages. Per-language results: Ap-
pendix D.

Gemini-3.1-Pro-Preview and the Qwen3-VL-
235B series lead on most tasks. Yet Fig. 3 shows
cross-lingual consistency remains a challenge,
with imbalance especially pronounced on MSOCR:
every model exhibits a wide score spread across
languages, and low-resource, visually dense scripts
(AR, TH) consistently lag high-resource ones
(EN, ZH) for both commercial APIs and open-
source models. Under vision (Fig. 4a), Syye. on
MDUR/MIQA drops and 90%/80% of models show

higher S¢y. than under traditional, so the vision
setting compromises both performance and cross-
lingual balance.

We transparently report an anomaly: GPT-5 and
GPT-5-mini lead on MDUR/MIQA yet their MGUI
accuracy collapses to 10-15%. We rule out base-
capability deficit, evaluation bug, and data issue:
a MGUlIey sanity check (Appendix D.1) shows
GPT-5 reaches 94.0 when asked for the visible
text of the click target instead of a coordinate,
and GPT-5’s median bbox-edge distance is only
33 px (~2.2% of diagonal). These signals confirm
GPT-5 understands the MGUI task and correctly
locates the target; the failure is solely in emitting
precise pixel coordinates, consistent with its strong
MDUR/MIQA results.

6.2 OCR s a key bottleneck causing
performance gaps

Since vision differs from traditional mainly in
that text now lives inside the image, OCR is the
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(a) Performance shift from traditional to vision setting. (b) Per-model correlations between MSOCR and three down-

stream tasks across 10 languages; see Appendix G.

Figure 4: Cross-setting performance shifts and the relationship between OCR and downstream multilingual
performance.

MDUR MIQA MSOCR MGUI
MOdel Savg. T ch. \l/ Savg. T ch. \L Savg. T ch. \L‘ Savg. T ch. \l/
trad. vision trad. vision trad. vision trad. vision vision vision vision vision
Original Qwen3 38.55 34.88 0.061 0.218 53.63 47.69 0.072 0.216 1.53 1.145 78.30 0.130
QGO-8B (only-fmt) 42.05 36.81 0.073 0.219 55.25 4948 0.062 0.207 2.35 1.244 7890 0.121
QGO-8B (only-ocr) 38.89 26.67 0.051 0.273 5390 47.40 0.066 0.217 8.13 0.738 68.50 0.225
QGO-8B (full) 46.82 40.84 0.080 0.190 5524 51.06 0.060 0.174 8.17 0.759 80.00 0.095

Table 4: Ablation study of the proposed reward functions on the MDUR, MIQA, MSOCR and MGUI tasks across 10
languages. “only-fmt” and “only-ocr” denote models trained exclusively with the Format and Length Constraint
(Rgme) or the OCR Accuracy Reward (R,..), respectively.

Model w_o_text w_text AAvg ACV tion and downstream VQA (Fig. 4b). (iii) Causal
GPT5 69.03 7110 +207  -246%  intervention. OCR-centric RL (§4) lifts non-OCR
GPT-5-mini 69.13 7071 4158 -1.39% . . .
Gemini-3.1-Pro-Preview 78.45 s045  +190 o tasks, confirming OCR as a driver of cross-lingual
Qwen3-VL-235B-Thinking  61.53 6697  +544 -442%  performance gaps.

Qwen3-VL-8B-Thinking 34.88 4175 4687  -17.64%

Table 5: MDUR vision results with and without a text
reference. w_o_text: original vision input; w_text:
reference text provided. A Avg is the score gain, and A
CV is the consistency change (lower is better).

6.3 Effect of OCR-centric GRPO
reinforcement learning

Against Qwen3-VL-8B-Thinking, the trained model
QGO-8B improves S,yg. on every task and setting
(Table 3). It lowers Sy, on all four vision-setting
tasks and on MIQA under traditional; MDUR
under traditional is the sole exception, where
Sev. rises from 0.061 to 0.080. The per-language
comparison across all four vision-setting tasks
(Fig. 5) shows that the largest gains concentrate on
the baseline’s weakest languages AR and TH. Our
synthetic training corpus contains no PM*Bench

natural candidate for explaining the gap. We test
this hypothesis with three converging signals.

(i) Controlled experiment. Supplying ground-
truth texts alongside vision input (Table 5) lifts
Savg. and lowers Sy, for both commercial APIs and
the Qwen3-VL series, with larger effects on smaller
models.

(ii) Per-language correlation. Across the 10 lan-
guages, most evaluated models exhibit [PCC| >
0.5 between MSOCR and other-task score vectors,
indicating a strong correlation between text recogni-

evaluation examples. Gains on MDUR, MIQA, and
MGUI therefore reflect cross-task transfer, while
MSOCR shares only the underlying recognition
objective.
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Figure 5: Per-language QGO-8B and base-model scores on four vision-setting tasks. Values are annotated for AR

and TH, the baseline’s weakest languages.

External-benchmark transfer. On three ex-
ternal suites (Appendix F), QGO-8B improves
CC-OCR (Yang et al., 2025b) by +4.7 NED over-
all (+4.0 over six unseen languages), matches the
OCRBench (Liu et al., 2024b) baseline (791 vs
789), and gains +0.5 Sayg. on MTVQA (Tang et al.,
2025) trained languages. CC-OCR improves in all
10 languages; OCRBench shows no broad regres-
sion; and MTVQA’s unseen-language scores are
essentially preserved (—0.4). Transfer is strongest
for multilingual reading and more limited on text-
centric QA.

6.4 Ablation Study

We isolate Ry and R, to verify both are essen-
tial. Their effects follow task structure (Table 4).
MDUR requires both precise reading and sustained
knowledge-intensive reasoning: only-fint gives a
limited gain (34.88 — 36.81), whereas only-ocr
truncates the chain of thought and collapses to 26.67.
MIQA contains shorter, less precision-sensitive
visual text, so maintaining reasoning alone is more
useful (47.69 — 49.48), while the joint reward
reaches 51.06. MSOCR is pure recognition, mak-
ing R,.. the main driver (1.53 — 8.13), with the
full model at 8.17. MGUI requires reasoning from
indirect instructions to interface elements: only-
ocr falls from 78.30 to 68.50, while full QGO-8B
reaches 80.00. The joint reward therefore couples
accurate perception with the reasoning behavior
needed by downstream tasks.

Comparison with supervised OCR tuning. Ta-
ble 6 compares post-training methods using the
same Qwen3-VL-8B-Thinking base and synthetic
OCR data. Full-parameter SFT and LoRA are al-
ready below the 34.9 base score at their earliest
audited checkpoint and decline further, whereas
QGO-8B reaches 40.8. Thus, the shared OCR data

Method Early Mid Late
Base 8B 349

Full SFT 26.1 (s10) 23.4 (s30) 22.4 (s50)
LoRA SFT 26.7 (s10) 25.9 (s30) 24.8 (s70)
QGO-8B 40.8

Table 6: MDUR vision average over 10 languages. All
post-training runs use the same base model and synthetic
OCR data; parentheses give training steps. Optimization
configurations otherwise differ across methods.

alone do not explain the gain; the post-training
design is critical. This comparison is diagnostic
rather than fully compute-matched, because the
supervised baselines use their own tuning configu-
rations. Together with the accuracy-only reward
ablation above, it shows that preserving the model’s
reasoning behavior is essential when improving
OCR.

7 Conclusion

We introduce PM*Bench, a strictly parallel 10-
language, four-task benchmark with controlled
content and visual layout. Matched traditional
and vision inputs isolate model behavior from
dataset inconsistencies and expose text-in-image
reading challenges. Across 10 LVLMs, vision input
widens performance and cross-lingual gaps; ground-
truth-text injection, per-language correlations, and a
matched OCR intervention identify recognition as a
key bottleneck.

Our label-free OCR-centric GRPO combines
accuracy and format rewards to improve reading
while preserving downstream reasoning. Trained
without PM*Bench evaluation examples, QGO-
8B improves all four tasks across languages and
transfers to external multilingual reading tasks.

15343



8 Limitations

Scope of RL gains. Our OCR-centric GRPO yields
meaningful but bounded improvements: it lifts
all four vision-setting tasks on PM*Bench. It
also transfers to CC-OCR, MTVQA, and OCR-
Bench, although gains on the latter two are modest
(matching the OCRBench baseline and gaining
+0.5 on MTVQA trained-language S,y ). When
transferred directly to Qwen3-VL-32B-Thinking,
the same recipe still improves OCR recognition,
but downstream VQA performance declines mod-
estly, suggesting that larger models may require
scale-specific optimization. Genuine cross-lingual
capability ultimately requires base-model improve-
ments; OCR-centric RL is a high-leverage but
partial intervention.

Synthetic-data scope. MSOCR and the MGUI
task are intentionally small, fully synthetic decou-
pling probes designed to isolate cross-lingual capa-
bility differences from data artifacts (cultural vari-
ance, translation drift, content-coverage imbalance).
They are not a replacement for specialized OCR or
GUI benchmarks (e.g., dedicated text-spotting/KIE
suites, interactive multi-step environments such
as macOSWorld) and should not be read as such.
PM*Bench complements rather than supersedes
those resources.

Judge reliability. MIQA evaluation uses an
LLM-as-judge protocol with a single judge model.
We provide both a translate-to-English consistency
check (Appendix E.1) and a Claude-Opus-4.7 cross-
judge cross-validation (Appendix E.2); residual
per-dimension and inter-judge variability is left for
future work.

Synthetic-to-real gap. We acknowledge that
MSOCR and MGUI inevitably differ from real-
world OCR and GUI scenarios, and cannot fully
simulate the complexity of real deployments. These
synthetic tasks are designed primarily to fairly
measure cross-lingual disparity under controlled
conditions, rather than to precisely estimate absolute
real-world performance. Our goal is therefore to
make the performance patterns on synthetic data
approximate real-world distributions as closely as
possible, while leaving more faithful real-world
evaluation to other benchmarks.

Potential risks. PM*Bench is intended as a re-
search artifact for diagnosing and mitigating cross-
lingual capability disparities of LVLMs, but we
acknowledge the existence of potential risks. Data
misuse. Although our parallel corpus is sourced

from publicly available datasets and rendered with
synthetic templates, redistribution or downstream
usage outside the intended evaluation context could
amplify any residual biases in the source data. We
therefore encourage users to audit cultural and de-
mographic balance before any deployment-oriented
use. Evaluation misinterpretation. Scores on
PM*Bench reflect controlled, parallel-corpus set-
tings and should not be over-generalized as an
absolute measure of real-world multilingual de-
ployment readiness; we encourage users to pair our
diagnostics with deployment-domain evaluation
before drawing operational conclusions.
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PM*BENCH - APPENDIX

Two input protocols

The benchmark keeps the same question and reference images, but changes how they reach the model.

VISION SETTING

All text and reference images are rasterized into one image. The model receives a single visual input

TRADITIONAL SETTING

The question and options remain a text payload, while each reference image is passed as an
independent image file:

TEXT PAYLOAD
Question: describe the pattem
A. B

Figure 6: The two PM*Bench input protocols. In the vision setting, text and reference images are rasterized into one
image; in the traditional setting, the text payload and each reference image remain separate model inputs.

A Vision-Setting Input Samples

Unlike traditional interleaved text-image input
paradigms, the Vision Setting in PM*Bench consol-
idates all textual information and reference images
into a single, unified image as the input for Large
Vision-Language Models (LVLMs). This design
specifically emulates the authentic operational envi-
ronments likely to be encountered by Al Agents
and Embodied Al Robots.

During autonomous GUI navigation, these agents
may receive smartphone or computer interfaces as
pure pixel-level visual inputs (images or videos).
Consequently, the agent is forced to rely exclusively
on visual perception to parse interface semantics,
particularly the embedded on-screen text. This
visual parsing becomes exceptionally challenging
when the target interface operates in non-English
or multilingual contexts. The dedicated MGUI
task in PM*Bench (Table 14) directly probes this
regime through coordinate-based grounding on a
parallel multilingual UI corpus.

As the pioneering benchmark evaluating multi-
lingual capabilities under vision-only inputs, and,
to our knowledge, the first to evaluate coordinate-
based MGUI grounding on a strictly parallel multi-
lingual corpus, PM*Bench bridges a critical gap
in the field. Our data, findings and OCR-centric
reinforcement learning method provide essential
references for the future development and optimiza-
tion of AI Agents/Embodied Al Robots, particularly
those targeting global, multilingual user bases.

Representative input examples under both the
traditional and vision settings are illustrated
in Fig. 7; vision-only examples for MSOCR and
MGUI follow. The comparison cards make the

shared semantics, script diversity, and input packag-
ing visible; all ten language variants are retained in
the released data.

A.1 MDUR Input Samples

The vision setting renders the question, options,
and reference images into one page-level image; the
traditional setting supplies a text payload plus
an independent image file. Figure Fig. 7 puts the
two protocols side by side for four representative
variants (EN, ZH, AR, TH), so the separation is
visible rather than inferred from the prose. All
10 languages share the same underlying problem
semantics and reference image, with only the textual
portion localized.

A.2 MIQA Input Samples

Each MIQA item asks a free-form question with
multiple reference images. The vision setting con-
solidates the question text and all reference images
into a single composite image; the traditional
setting supplies the question as text and the images
as separate inputs. Figure Fig. 7 makes this distinc-
tion explicit for four representative variants (EN,
ZH, AR, TH); all 10 language variants share the
same reference images and only differ in question
wording.

A.3 MSOCR Input Samples

Each MSOCR sample is a single rendered image
containing 20 lines of text in a single target language.
The model is asked to transcribe the full content
top-to-bottom; we score by exact-match accuracy at
the line level. Fig. 8 shows six representative scripts
from the 10 supported languages.
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MDUR - input protocol comparison

‘Same benchmark item in both settings; panels show exactly what the model receives.

EN example 1611 zH example 1611
vision 1INPUT | | TRADITIONAL 2INPUTS visioN 1INPUT | | TRADITIONAL 2INPUTS
one rasterized image containing text + referer text payload + independent image fie one rasterized image containing text + eferences text payload + independent image fle

. Question: Select the name of this note. fimage 1] ey [ o | mn Question: FHEX N EMFNEM. [image 1]
[
ACB.ECHD.GEAFDGFHS ﬁ% |A.(E.EC.HD.GEAF.DG.FH.B
i ¥ separate file | - o 1 ¥
a = a 3
s e s a
: : s : [
: : @ : H
: ! s : !
] ] o ] :
: o ! oLt ] o !
! reterence mage s ot merged o the et ! | refeence mageis notmergedintothe et iput :
example 1611 AR T example 1611
INPUTS 2 TRADITIONAL | | INPUT 1 VISION VISION 1INPUT | | TRADITIONAL 2 INPUTS
text payload + independent image file one rasterized image containing text + references one rasterized image containing lex! + references text paylcad + independent image fie
[image 1].ala>Yall 035 awl 33> :Question - -t o - lomer [omn g - et | @ Question: idandauasTiini fimage 1]
il o aniesasi
H.BG.FRDEAD.GCHB.EAC @ ACBECHDGEAEDGFHE

| separate file image_1.png | o { image_t.png separate fle |

PMYBENCH - APPENDIX

MIQA - input protocol comparison

‘Same question and references; vision merges the, traditional keeps text and fles separate.

EN example 75_16 zH example 75_16
vision 1INPUT | | TRADITIONAL 4INPUTS VisioN 1INPUT | | TRADITIONAL 4INPUTS
one rasterized image containing text + eferences text payload  hree independent image fles one rasterized image containing text + eferences text payload + three
Question: Image 1: <ImageHere> Image 2: - Question: B 1: <ImageHere>. EF2:
<ImageHere> Image 3: <ImageHere> ImageL: EH3: o
<ImageHere>. Image2: <ImageHere>. Image3: FALMBENERNLE,
<ImageHere>. Describe the patterns and textures you
can observe in the Images3. {referencefiles 3
[ referencefiles e m%im ;
! thettreeim
e i v e -
example 75_16 AR ™ example 75_16
INPUTS 4 TRADITIONAL | | INPUT 1 VISION VISION 1INPUT | | TRADITIONAL 4INPUTS
text payload + three independent image files one rasterized image containing text + references one rasterized image contaiing et + references tex payload + thres independent image fles
126 5.0l .<ImageHere> 1o 5.l :Question Yo Question: nwii1: <ImageHere>. nwii2:
LYl o .<ImageHere> :3s .0l .<ImageHere> <Im3‘geHe[e> nwiA: <ImageHere>. afunuminany
36, 5.0)l 0 lgilazto LiSas (sl amunsYls wasfiulfiqudsinaiiuuniwia.
! soparate w_x&s reference fles | A R { rference fies arale inpus |
-~ ..A\,,ui,J_u. Sy ! ,h.m,nwwmw i

Figure 7: MDUR and MIQA input protocols shown for the same four representative variants (EN, ZH, AR, TH). Blue
panels are one unified raster image; orange panels expose the text payload and separate reference-file inputs.
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MSOCR - vision input

Six representative scripts from the 10-language OCR corpus.

EN example 19

Warmian-Masurian Voivodeship Low German Dinoflagellate
Simple machine Mollusca Scouting
Upper Palatinate Cyrillic script Simple machine Tram
Pythagorean theorem Filmmaking Chaos theory Bronze Age
Superhero Iron Age Markup language Markup language
Music genre Epithelium Mauritania Superhero Stoicism
Sphinx Cathode-ray tube Multiverse Mainland Southeast Asia Fluid mechanics

Catalan language Sapindales Flea market Celestial mechanics German cuisine
gorean th

Liall Lol Luoyls dladlone Bylgs Solibogun
Slogs g A1 8L
gy AT Lall 5Bl dedyyS BS pli
09 ogd s urpilisd inpsm (oodel 2] 53l sl
Chguogs d8) Gyl Jlay (sl puasll Chogs da)
s o blab aresso g5 Liling diilyy
ol Lol Bad gz dubnsgall dandl plaso puSiduw OleSHl 5223 lgall KlSen
gl 5500 sl gl A1 Anatusall gl Gous Ll oo
e ol s o5 ol b5 i

s ) &3l gyt
bl 0

S gl

TH example 19

dokIanside mugasiuch laluuwanwataa
\ndovnaseusie Uoadam msanide
Towswiland Snysdsaan indavnasthviie sas1o
nquuniiminga mswaanmweuas nqsiAduoadu gAdUANS
Wasals gausin msngnaU muwnsndy
uudwav ooy UssinAuasiaile gasdls ansalasn
awlod rasasvaunlna wraw Sulodu namaasyaolsa
MmN dudu: aanada namaasiooih owsisdu

ZH mpl

BRI {381 WFER]
AL PRiRanY) B ER)
EEHRRATRR BRRFE EENR HNEE
REIR BRBIE RIIRIE AR
HRELE SR BINES BIREE
BREAD LRAREIHET SRR FSBEL
T IBANEE SEFER FEES NS
MEFRIE XLTH WEDH KLY BEHRE

555 B EAE R
1 RRHNS
Py

s R HH e
P

Ko example 1

H20|00FFE2|F MX| S| HHREF
the 7 SIS ATIRE 28
QEEXH 7|2 Xt cha 7| =R
F2| et AIE 2E 0|2 38| Al

2 5] Alch 0f29] eiof 03¢ eiof
sl0j= £ £0f 2t
tolLtets Rfofet

VI

Warminsko Tiéng Ha Prc Dinoflagellata
May co don gian Bang vét than mém Huéng dao
Thuong Pfalz Chir Kirin May co don gian Xe dién mat dat
Pinh Iy Pythagoras Qué trinh 1am phim Ly thuyét han loan Thai dai db dong
Siéu anh hiing Thai dai d6 sét Ngén ngir danh ddu Ngén ngir danh dau
Thé loai nhac Biéu md Mauritanie Siéu anh hing Cht nghia khéc ky
Nhan su Gng tia am cuc Da vii tru Ban ddo Dang Duong Ca hoc chat luu

Figure 8: Representative MSOCR inputs spanning six scripts (EN, ZH, AR, KO, TH, VI) from the 10-language

corpus.

A4 MGUI Input Samples

The MGUI task is constructed by programmati-
cally rendering a fixed set of HTML/Jinja webpage
templates with the same layout in all 10 languages.
As shown in Fig. 9, the visual structure (positions
and sizes of buttons, fields, banners, etc.) is byte-
identical across languages: only the visible text is
swapped, so any cross-lingual difference in click
accuracy is attributable to the model’s multilingual
visual understanding rather than dataset bias. The
model is asked to emit a single (z,y) coordinate
per natural-language instruction; the prediction is
judged correct if the point falls inside the ground-
truth bounding box of the target interface element.

The 100 templates are organized into 10 product-
surface fopics (10 sub-page templates per topic),
spanning the most common GUI flows that a multi-
lingual visual agent would encounter in real deploy-

ment. Table 7 enumerates the full topic-to-sub-page
mapping.
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Topic (prefix)

10 sub-page templates

Flight booking (a)
Online banking (b)
Code editor / IDE (c)

Admin dashboard (d)
E-commerce (e)

Food delivery (f)
Maps (g)

Email client (m)
Social media (s)

‘Weather (w)

Flight Search; Search Results; Flight Detail; Seat Selection; Booking Form; Payment Page; Boarding
Pass; Flight Status; Manage Booking; Loyalty Program.

Dashboard; Money Transfer; Transaction History; Card Management; Bill Payments; Investment
Portfolio; Loan Overview; Budget Planner; Security Center; Support & Help.

Main Editor; Integrated Terminal; Git Panel; Extension Marketplace; Debug View; Global Search;
Settings; Merge Conflict Resolver; Refactor Tools; Project Dashboard.

Overview; Orders; Customers; Products; Inventory; Analytics; Marketing; Team; Settings; Reports.
Product Detail; Shopping Cart; Checkout; Search Results; Order History; Wishlist; Product
Comparison; Reviews; Return/Refund Flow; Account Settings.

Home; Restaurant Menu; Cart; Checkout; Order Tracking; Search Results; Reviews; User Profile;
Deals & Coupons; App Settings.

Explore; Route Planner; Place Detail Card; Public Transit; Saved Places; Traffic & Incidents; Street
View; Nearby Businesses; Offline Maps; Map Settings.

Inbox; Compose; Read View; Folder Management; Advanced Search; Settings; Contacts; Calendar
Invite; Label Management; Spam Folder.

Feed; Profile; Notifications; Messages; Compose; Trending; Groups; Story Viewer; Privacy Settings;
Analytics.

Current Dashboard; 7-Day Forecast; Radar Map; Alerts; Saved Locations; Astronomy; Air Quality;
Precipitation Detail; App Settings; Historical Comparison.

Table 7: The 10 product-surface topics that anchor PM*Bench’s MGUI task, with 10 HTML/Jinja sub-page templates
per topic (10 x 10 = 100 templates total). Each template is rendered with byte-identical layout in all 10 languages
and paired with two indirect instructions, yielding 100 x 10 x 2 = 2000 language-balanced (200 per language)
coordinate-grounding test items.

PM4BENCH - APPENDIX
MGUI - vision input

The same flight-search template rendered in six languages; layout and coordinates are shared.

EN x zH

T VAEE?

AR RU

Figure 9: Examples of the MGUI task. The same flight-search webpage template (a@1_search) is rendered identically
in 6 of the 10 supported languages (EN, ZH, AR, RU, KO, TH); only the visible text changes.

A.5 Synthetic OCR Training Data

A representative multilingual synthetic sample used
to train QGO-8B (Section 4) is shown in Fig. 10.
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Synthetic OCR - training sample

Arendered multilingual image is paired with an OCR response during OCR-centric GRPO training.

Rendered text image

SINGLE VISUAL INPUT 01 - RENDER
=Q Upgrade | (3% Compose the image
TEXT + LAYOUT . IMAGE

MywtyHs  MucTuyuam  ONMMNUACKNIA TUMH
Text snippets from multiple scripts are laid out in one synthetic screenshot, creating a
controlled OCR target.

., Kawan Amnyraysia rwajc W Nakuen Nama  JauMjo v focd pacemen

V' muitlingual script mix

layout controlled  multilingual

Bién Baltic Kharkiv (tinh) Bléu MmO rhame C6sinh vét hoc  Ngusi pic
iudad de México Piocen Indonéitina  Avogadrova konstanta

PE = BANRAE we FEEZY 58 ER GEE) B

Transcribe the content
wis tw&bj [ Ly[‘j/‘p[; ols]  okallple IMAGE . OCRTEXT

The model receives the rendered image and produces a text response that follows the
- 2. =5 ~

al'a nmwu’u mU’aU’ was  wewau [UanU meBgaunu visible content from top to bottom

' single visualinput

v ordered text res

Sono Arab dllamok €& Nyugat Adiotoré Santiago(Chile) DONtési f Emiékezet

image - text  exact reading

Controlled visual field

The renderer fixes the canvas and text placement before the model sees the image, so the visual signal is reproducible across training examples.

canvas oroER scripts
fixed raster top - botiom 10 languages 03 - oPTIMISE
knowntext  known order known layout Use the OCR signal
RENDER CONTRACT TARGET REWARD
visuAL one raster image.
OCR-centric reinforcement learning uses the transcription quality as a focused training
TaRGET ordered OCR text signal for visual recognition.
sionaL recognition quality
GRPO sample  recognition
INPUT TARGET ROLE
One rendered image Ordered transcription Recognition intervention
PIXELS MoDEL Unes EXACT TEXT OCR QUALITY GRPO UPDATE
Al visible words are presented in a single image, matching the visual-input

The expected response preserves the sequence of the displayed text The sample isolates OCR ability, making it a compact training example for

interface used by the OCR task. the broader multilingual benchmark.

rather than solving a multiple-choice question

What is held constant Why it appears here

The screenshot is synthesized programmatically, so its text placement and visual appearance are known when the training pair This board s a representative sample of the synthetic data used for QGO-8B.

is created
Benchmark signal
Text known snippets and order Rendered pixels - ordered OCR response  recognition-focused reward,
Layout fixed canvas and placement
Script mix Latin - Cyilic - Arabic - CJK - Thai

The screensh

e original released sample; surrounding labels are explanatory layout annotation:

Figure 10: Example of synthesized OCR-centric GRPO training data.

B Prompts We also include the MIQA judge prompt. The
This section collects the prompts used to query the translation prompt used to localise the corpus into
evaluated LVLMs, with one board for each task. the 9 non-English languages is given in Table 8.
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B.1 Task Prompts

PM*BENCH - APPENDIX

MDUR - task prompt

Exact multilingual prompts used by the released/H1 evaluation pipeline.

EN H1/ open-source prompt

Please read the image content and the multiple-choice question, and choose the correct
option after careful consideration. There is only one correct option. Please output the letter
of the correct option in the last line, enclosed in angle brackets, e.g., <X>.

H1/ open-source prompt AR

Sl sy quall Ll isly ol lisYl sasie Jlsadly 655l ssine Lol dllias o
lio Yl o6 gl Ul G5 a0 llins oa dais 351y oo Sl 3791 rmysd]
<X> 1 ie sasl owlesl o

HU H1 / open-source prompt

Kérlek, olvasd el a kép tartalmat és a valasztos kérdést, majd fokozatos gondolkodas utan
valaszd ki a helyes valaszt. Csak egy helyes valasz létezik. Kérlek, az utols6 sorban add
meg a helyes valasz bet(ijét, és tedd szogletes zarojelek koze, példaul: <X>.

RU H1/ open-source prompt

MoxanyicTa, NpounTaiite cofepxaHine n306paxeHIst 1 BOMPOC C BbIGOPOM OTBETa, a 3aTeM
BbIGepUTE NPaBU/IbHBLIN BapuaHT, 06aymMas ero. MpaBu/bHbIN BapNaHT TOMLKO OfMH.
MoxanyiicTa, BbiBeauTe GyKBY NPaBN/LHOTO BapuaHTa B NocsiefHelt CTpoke, 0GpamneHHyo
YIN0BbIMM CKOGKaMM, Hanpumep: <X>.

TH H1 / open-source prompt
X o - Yoo P 5 v v a "
nyanaruilaninmiazainiuuuuidanaau antuidandaidaniigniaswdsandnating

saumau frdaniignéasiidiaoniiodien nsauanssdnusuassidaniigndastuussiia
Faving Taaviadulursiduyy tdu: <x>

ZH H1/ open-source prompt

VEIREIRE R A MEPRER, HNPERERER, 25 BEGEFE. EMENR
=, BIMERG—THHERENNTE, FEEARERESSH, 0:<x>

cs H1/ open-source prompt

Prectéte si obsah obrazku a vybérovou otazku a po postupném premysleni vyberte
spravnou moznost. Existuje pouze jedna spravna moznost. V poslednim fadku uvedte
pismeno spravné moznosti a obklopte ho ostrymi zavorkami, napfiklad: <X>.

[ H1/ open-source prompt
Ol0|X| LHES el 224 FR S M2 2 NFoP| Melsto] FEe MelsiFMe. e st
QUELICH OFX[2} 20 FE ol 2X15 £H6t0, 0|2 4| Ho 2 ZMA sl FAIQ, of: <X>.

SR

11/ open-source prompt

Monum Bac fja npounTarte caapxaj Cvke U NnTakbe ca 3GOPoM OAroBopa, a 3aTum
u3abepeTe TayaH O/fOBOP HaKOH NaX/bUBOT pasmarparba. MocToji camo jefaH TauaH
oarosop. Monum Bac Aa y nocnieatem pedy usaferte ca c/l0BoM TauHOT OroBOpa,
06aBujeHIM y YIIoBHe 3arpaje, Ha npumep: <X>.

' H1/ open-source prompt
Xin vui long doc ndi dung hinh anh va cau hoi trac nghiém, sau do Iwa chon phwrong an
dung sau khi suy nght ky lwdng. Chi co mét phwong an dung. Vui long xuét ra chir cai clia
phwong an ding & dong cudi cuing, va bao quanh noé trong dau ngoac nhon, vi du: <X>.

Figure 11: Exact Hl/open-source prompts used for MDUR.
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MIQA - task prompt

Exact multilingual prompts used by the released/H1 evaluation pipeline.

EN H1/ open-source prompt

Please think step by step and answer the question in the image. Place your answer between
<Start of Answer> and <End of Answer>. The final response format should be as follows:
<Start of Answer>This is your answer<End of Answer>.

H1/ open-source prompt AR

Start of> o lils] g .65l (8 Jlsadl (e @zl sslaxy sslas uSadl (o
Start of> 1l LaS asled] &Yl Suwis 055 ol vz .<End of Answer> 5 <Answer
.<End of Answer>uil>| s oin<Answer

HU H1/ open-source prompt

Kérjiik, gondolkozzon lépésrél Iépésre, és valaszoljon a képen szerepld kérdésre. Helyezze
avalaszt a <Start of Answer> és a <End of Answer> kozé. A végs6 valaszformatumnak igy
kell kinéznie: <Start of Answer>Ez a valaszod<End of Answer>.

RU H1/ open-source prompt

TMoxanyicTa, NogymaiiTe Lwar 3a Warom 1 oTBETLTE Ha BOMPOC Ha N30GPaxXeHNM.
MomecTuTe cBoit oTBET Mexy <Start of Answer> 1 <End of Answer>. OkoHuaTe/bHbIi
chopmaT oTBeTa JO/KEH BbIrAAETb crnefytolmum obpasom: <Start of Answer>3T0 BaLl
oreeT<End of Answer>.

TH H1 / open-source prompt
Tusndaflardunaunazaaudininlunin Tnaa1sdinauvasnmusyning <start of Answer>
uay <End of Answer> gunuudInaugavinaaasiiiugofl: <start of Answer>fldadnauwas
Au<End of Answer>.

ZH H1/ open-source prompt

BRESBE, BIEER YRR, HEERKE<Start of Answer-fll<End of Answer>2Z
18, RAEERRIIZIT: <Start of Answer>X 2{RHIE%E<End of Answer>,

cs H1 / open-source prompt

Postupuijte krok za krokem a odpovézte na otazku na obrazku. Umistéte svou odpovéd mezi
<Start of Answer> a <End of Answer>. Kone&ny format odpovédi by mél vypadat takto:
<Start of Answer>Toto je vaSe odpoved<End of Answer>.

Ko H1/ open-source prompt
chAE o= M2tste] o|0|X| & HE0| ©otM Q. B S <Start of Answer>2t <End of Answer>
Atolofl 'O NIR. 2|5 EH HAIS T3t ZHotof BILICE: <Start of Answer>0|2{0] EHl0] €]
LICt<End of Answer>.

SR H1/ open-source prompt

Monumo Bac Aa pasmuLusbare kopak fo Kopak v OAToBOPUTE Ha MUTate Ha ciuuy. CTasute
BaLl oarosop usmely <Start of Answer> 1 <End of Answer>. KoHaunun chopmart oarosopa
Tpeba aa usrnefa osako: <Start of Answer>OBo je Baww ogroBop<End of Answer>.

vi H1/ open-source prompt

Hay suy nghT tirng buéc va tra 1o cau hoi trong hinh. Bat cau tra o1 clia ban gitra <Start of
Answer> va <End of Answer>. Binh dang cau tra 10i cudi cting phai nhu sau: <Start of
Answer>Day la cau tra 107 clia ban<End of Answer>.

Figure 12: Exact H1/open-source prompts used for MIQA.
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MSOCR - task prompt

Exact multilingual prompts used by the released/H1 evaluation pipeline.

EN H1/ open-source prompt

The image contains 20 lines of text. Please recognize and output the text in the image from
top to bottom and left to right, separating the content of each line with a line break. You
should output the text in the image at the end of your response. You should place the text in
the image between the <start> and <end> marks.

H1/ open-source prompt AR

Jawl I Gl o 8,5l 3 paill le Gpaill oz il g Likaw 20 Gls 650l si
w9 8y3all o3 paill £zl w lawl doliy law JS ssime Juads o] Gl bl o

.<end> 5 <start> _uiode ou ariogg o)l aly

HU H1/ open-source prompt

Akép 20 sor szdveget tartalmaz. Kérjik, ismerje fel és adja ki a képen lév6 szdveget fellilrél
lefelé és balrdl jobbra haladva, a sorok tartalmét sortoréssel elvalasztva. A kép szévegét a
vélasz végén, a <start> és <end> jelz6k kozott kell elhelyezni.

RU H1/ open-source prompt

V306paxeHune cofepxuT 20 CTPOK TekcTa. PacnosHaiite 1 BbiBeuTe TEKCT Ha
1306paXeHn CBEPXY BHU3 1 C/IEBa HANpaBo, Pasfensis CoAepXNMoe Kaxol CTpoku
nepeHocoM CTPOKN. TeKCT 306paxeHNst Jo/KeH GbiTb BbIBE/JEH B KOHLE OTBETA MEX/Y
meTkamu <start> 1 <end>.

TH H1 / open-source prompt
awdsznaudedaniiu 20 ussiia Tusneaduariansdaniuluniwainuuasaisuay

Faeluan uanifamvasusasussiindrsnisduussiinlu arsuansdaadnulunmiving
dnau TaaanglisenitsiaTamung <start> wax <end>

ZH H1/ open-source prompt

BB &2017XA, HEMEET. WERIGHIRFRSIHHEERPIXAE, STREA
BITESIR. BEMRCRRRIERPHXE, HEHEREE <start> fl <end> FFi2 28l

cs H1/ open-source prompt
Obrazek obsahuje 20 fadkii textu. Prosim rozpoznejte a vypiste text v obrazku shora doli a

zleva doprava, oddélujte obsah kazdého fadku zalomenim Ffadku. Text z obrazku by mél byt
uveden na konci odpovédi mezi znackami <start> a <end>.

Ko H1/ open-source prompt
o|o|x|ofl= 2052 HAETL E3HE|of ALICE 0|0|X|Q| HAES 9o A ofh 2, YZo|M 2EZF
OF QIAtn 2t £O| LIS S F HIBO R RS0 S2SHIAIR. 0|0|X| HAE = Ee| Zof
<start>+ <end> I A| Ato[of] b X|sof ErL|Ct.

SR H1/ open-source prompt

Cnunka cagpxu 20 pefjoa TekcTa. MpenosHajTe 1 MCIULWLNTE TEKCT Ha CINLY 0A03ropa
Hafjone 1 ¢ NieBa Ha [lecHo, pasjBajajyhi caapxaj CBakor pejja Npenackom y HoBU pes.
TekcT ca cnvke Tpeba Aa ce Hanasu Ha Kpajy oAroBopa nsmeh)y osHaka <start> n <end>.

vi H1/ open-source prompt
Hinh &nh chtra 20 dong van ban. Vui long nhan dang va xudt van ban trong hinh anh tir trén
xudng du6i va tir trai sang phai, phan tach ndi dung méi dong bang d&u ngat dong. Ban nén
Xudt van ban trong hinh anh & cudi phan hoi va dat gitra cac ddu <start> va <end>.

Figure 13: Exact H1/open-source prompts used for MSOCR.
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B.2 LLM-as-Judge Prompt for MIQA

PM*BENCH - APPENDIX
MIQA - LLM-as-judge prompt

The complete public-release prompt used for response scoring.

You are an assistant skilled at evaluating the quality of creative text.

Please act as an impartial judge and evaluate the quality of the response provided by an Al assistant to the
user question displayed below. You'll need to assess the response on the following dimensions: Creativity,
Richness, Visual Perception, Logical Coherence, Answer Accuracy and Image Relationship Understanding.
We will provide you with a creative question and the Al model's response and a reference answer for your
evaluation. As you begin your assessment, follow this process:

1. Evaluate the Al model's answers on different dimensions, pointing out s strengths or weaknesses in each
dimension and assigning a score of 1 to 10 for each.

2. Finally, based on the assessments across dimensions, provide an overall score of 1 to 10 for the Al model's
response.

3. Your scoring should be as stringent as possible and follow the scoring rules below:

In general, the higher the quality of the model's response and s strict adherence to user needs, the higher the
score. Responses that do not meet user needs will receive lower scores.

Scoring rules:
Creativity:

Scores 1-2 when there is no innovation or uniqueness in the content.

Scores 3-4 when providing partially original content but with low creative quality.

Scores 5-6 when mostly creative but lacks significant novelty, with moderate quality.

Scores 7-8 when having novelty and high-quality content.

Scores 9-10 when highly novel and of exceptional quality compared to the reference answer.

Richness:

Scores 1-2 when lacking depth and breadth, with very limited information.

Scores 3-4 when limited in depth and breadth, with fewer explanations and examples, showing low diversity.
Scores 5-6 when limited in depth and breadth but provides basic necessary information.

Scores 7-8 when providing depth and useful additional information.

Scores 9-10 when providing exceptional depth, breadth, and high diversity compared to the reference answer.

Visual Perception:

Scores 1-2 when the description of the visual information in the image contains errors or is significantly
inconsistent with the content of the image.

Scores 3-4 When the description of the visual information in the image reflects only a small amount of the
image's information and contains some errors.

Scores 5-6 when the description of the visual information in the image includes the basic information of the
image but contains minimal information.

Scores 7-8 when the description of the visual information in the image matches the image well and is rich in
content, providing a substantial amount of information about the image.

Scores 9-10 when the description of the visual information in the image not only matches the image but also is
more detailed and informative compared to the reference answer, providing more information about the image.

Logical Coherence:
Scores 1-2 when entirely incoherent, lacking any logic, and not matching the question or known information.

Prompt text is reproduced verbatim from the public release; line wrapping is typographic only.

Scores 3-4 when somewhat coherent but with many logical errors or inconsistencies.

Scores 5-6 when mostly coherent, with few errors, but may struggle to maintain complete coherence in
complex situations.

Scores 7-8 when excellent logical handling, very few errors.
Scores 9-10 when flawless logic, i in handling
compared to the reference answer.

and signi higher logical

Answer Accuracy
Scores 1-2 when the answer is significantly inconsistent with the question or contains obvious errors.

Scores 3-4 when the answer is partially correct but contains some errors or is incomplete.

Scores 5-6 when the answer is basically correct but lacks details or is not sufficiently detailed.

Scores 7-8 when the answer is accurate and detailed, fully corresponding to the question.

Scores 9-10 when the answer is not only accurate and detailed but also provides additional useful information,
exceeding expectations.

Image Relationship Understanding:
Scores 1-2 when there are significant errors or confusion in distinguishing and describing different images,
unable to correctly identify and relate the content of the images.

Scores 3-4 when the description of different images reflects only minimal distinguishing information, contains
some errors and confusion, and fails to clearly differentiate and relate the images.

Scores 5-6 when the description of different images includes basic distinguishing information, is able to
correctly identify and relate the images in a basic manner, but the information provided is minimal and lacks
detail.

Scores 7-8 when the description of different images is accurate and detailed, clearly distinguishing and relating
the images, with rich content that points out the main commonalities and differences between the images.
Scores 9-10 when the description of different images is not only accurate and detailed but also provides richer
information and analysis, clearly distinguishing and relating the images, more comprehensively pointing out the
commonalities and differences between the images compared to the reference answer.

Overall Score:

Scores 1-2 when irrelevant to the question, factually incorrect, or generates harmful content.

Scores 3-4 when no serious errors, mostly harmless, but of low quality and does not meet requirements.
Scores 5-6 when basically meeting its but poorly in some with moderate
quality.

Scores 7-8 when performing well in all dimensions.

Scores 9-10 when fully addressing user questions and all requirements, significantly surpassing the reference
answer.

Please remember, you must evaluate and explain before scoring. After your explanation for each dimension,
add the score for that dimension. Finally, at the end of your response, in the format of the dictionary (including
brackets), return all your scoring resdilts, ensuring your scores are integers:

{Dimension One': Score, ‘Dimension Twa': Score, ..., ‘Overall Score': Score}, for example: { Creativity": 9,
Richness’ 6, ..., 'Overall Score”: 7h\n

Figure 14: Complete public-release prompt used by the LLM judge to score MIQA responses.
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B.3 Translation Prompt

Table 8 shows the two prompts used by our human-
expert-in-the-loop translation pipeline (§3.5). The
Translation Prompt asks an LLM to render the
source content into the target language while pre-
serving variables, numerals, mathematical notation,
code, and image / option placeholders verbatim.
For each target-language item, three independent
translations are produced; the Claude Selection
Prompt then asks a second LLM to choose the best
of the three by index. The selected candidate is
finally cross-checked by a native-speaker annotator
before entering the benchmark.

Translation Prompt

You are a language expert specialized in
{lang}. Please translate the following con-
tent {lang}. Please organize your output
according to the format of the input strictly.
Do not output anything other than transla-
tion. Do not translate any variables, Arabic
numerals, mathematical symbols Python
code or people’s names. Only translate the
textual description. Do not translate image
marks or option indexes included by *()’,
(), for instance, *(ImageHere)’, ’(b)’. In-
put: {input}

Your translation:

Claude Selection Prompt

You are a language expert specialized in
{lang}. Given 3 translations of an English
text, you are to choose one translation which
has the best quality. A good translation
should accurately preserve the numbers, vari-
ables or Python code in the English text, and
correctly translate other content. You can
only output the index of translation, "1°, ’2’
or ’3’, do not output anything else.
(startof Englishtext)

{Original English text}

(Endof Englishtext)
(startoftranslationl)

{translation_1}

(endo ftranslationl)
(startoftranslation?2)

{translation_2}

(endo ftranslation2)
(startoftranslation3)

{translation_3}

(endoftranslation3)

Your selection:

Table 8: Prompt templates for human-expert in loop
translation. The Italic {zext} in curly braces represents
variables that need to be replaced.

C Language Selection
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Language ISO

Language Family

Script System

Chinese zh Sino-Tibetan
Thai th Kra-Dai
Korean ko Koreanic
Arabic ar Afro-Asiatic
Hungarian hu Uralic

Czech cs Indo-European
Russian ru Indo-European
Serbian sr Indo-European
Vietnamese vi Austroasiatic
English en Indo-European

Simplified Chinese characters
Thai

Hangul / Choson’ gtil

Arabic alphabet

Latin

Latin

Cyrillic

Serbian Cyrillic

Latin

Latin

Table 9: Language and writing-system information for the 10 languages in PM*Bench. GraphCom measurements are

reported separately in Table 10.

Language GI PC Mean DC Mean CP Mean SF Mean
Chinese (Simplified) 6097 29.47 4.01 9.54 10.60
Thai 102 14.88 1.68 4.54 6.24
Korean 40 14.71 1.38 2.15 3.40
Arabic 28 8.78 1.82 1.36 3.07
Hungarian — — — — —
Czech — — — — —
Russian 33 7.51 1.12 2.05 2.89
Serbian 30 7.34 1.02 2.02 2.83
Vietnamese — — — — —
English 26 6.85 1.04 1.44 2.25

Table 10: Source-reported GraphCom (Chang et al., 2018) measurements for matching scripts. Means average all
characters in the graph inventory (GI). — indicates that GraphCom does not report the modern script used by our
benchmark; in particular, its “Hungarian Runes” row does not represent modern Hungarian written in Latin script.

The selected languages cover multiple language
families and script systems. We additionally report
GraphCom’s four source-defined dimensions as
descriptive attributes of the corresponding writing
systems. These measurements provide context for
visual-form variation but are not treated as causal
predictors of benchmark performance. Among the
selected languages for which GraphCom reports a
matching script, simplified Chinese has the largest
mean value on each of the four dimensions, yet
Chinese remains relatively strong in the vision
setting, consistent with the importance of training-
resource coverage beyond graphic form alone.

As shown in Table 9 and Table 10, we report the
following metrics:

 Perimetric Complexity (PC):

— Formula: PC = P%/(4n A).
— P: total perimeter of the shape (in pixels).
— A: pixel area of the foreground (the shape
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itself).
— Reflects the spatial density of the shape,
independently of size.

* Disconnected Components (DC):

— Counts the independent, non-connected
parts of the shape.

— For example, the letter “i” has two dis-
connected components (the dot and the
vertical stroke), while “T”” has one contin-
uous part.

— Reflects the discontinuity of the shape,
indicating how fragmented it appears
visually.

e Number of Connected Points (CP):

— Counts the intersection points where mul-
tiple segments meet.

— For instance, the letter “T”’ has one con-
nected point, while “F” has two.



— Reflects the cohesion of the shape, indi-
cating how well its strokes are intercon-
nected.

¢ Number of Simple Features (SF):

— Counts the basic elements that make up
the shape, such as strokes, lines, dots or
circles.

— For example, the letter “L” consists of
two simple features (a vertical and a hori-
zontal line).

— Closely related to stroke count; especially
useful for evaluating complex writing
systems such as Chinese characters or
Japanese kana.

* Graph Inventory (GI):

— GI is the number of characters in the
script’s character set.

D Detailed Per-Language Results

This section reports the per-language scores that lie
behind the aggregated Sy, and Sy, values shown
in Table 3. Tables 11, 12, 13 and 14 give the
breakdown for MSOCR, MDUR, MIQA and MGUI,
respectively.

D.1 Sanity-check task: MG Uy

Because GPT-5 and GPT-5-mini both score un-
usually low on the main MGUI grounding task
(Table 14), in contrast to their strong performance
on every other benchmark, we ran a controlled com-
panion task to verify that this is a genuine model
property rather than an experimental artifact. We
call this companion task MGUI ;.

Setup. The MGUIy, task uses the exact same
screenshots and the exact same natural-language
instructions as the main MGUI grounding task. The
only difference is the answer format: instead of emit-
ting a click coordinate (z, y), the model is asked to
output the visible fext of the target Ul element (e.g.,
“One way”, “Search flights”). A prediction is judged
correct if its normalized text matches the target
element’s visible text. This isolates the recognition
+ understanding capability (“which element should
be clicked”) from the spatial grounding capability
(“where exactly is that element”).

Results. Table 15 reports the per-language
results. GPT-5 reaches 94.04 averaged over 10
languages, second only to Gemini-3.1-Pro-Preview
(97.15) and clearly above all open-source models in

our suite. GPT-5-mini reaches 91.91. Across all
10 languages the two GPT-5 variants stay above
85 on every language, including the visually hard
AR (88.00/87.94) and TH (93.50 / 85.00), demon-
strating that their recognition pipeline copes with
non-English on-screen text just fine.

Implication. Combined with the median click-
to-bbox-edge distance of only ~ 33 px reported
in Section 6.2, this confirms that GPT-5 cleanly
identifies the correct UI element and emits well-
formed coordinates aimed at roughly the right neigh-
borhood; the failure is restricted to fine-grained
pixel-level grounding. We surface this anomaly
to forestall the natural reviewer concern that our
pipeline mishandled GPT-5 outputs, and leave a
deeper investigation of why a strong general VLM
exhibits such a narrow precision-grounding gap
to future work. The gap is also model-specific
rather than vendor-specific: other commercial sys-
tems (e.g. Gemini-3.1-Pro-Preview) do not exhibit
this asymmetry, suggesting it reflects a particular
decoding-time bias of the GPT-5 family rather than a
fundamental limitation of the screenshot-grounding
paradigm.
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Model EN ZH HU RU SR CS AR VI TH KO
Gemini-3.1-Pro-Preview 3547 2940 3488 3526 34.08 34.14 28.10 3336 10.14 28.96
GPT-5 33.02 11.08 2428 2430 1290 25.96 3.26 15.06 2.12 11.08
GPT-5-mini 3330 10.70 16.30 23.74 792 16.96 1.74 13.32 1.90 9.90
Llama-4-Maverick 30.38 7.08 5.66 12.34 3.58 6.48 3.62 6.46 2.74 4.40
GLM-4.5v 31.88 24.68 5.10 7.82 0.12 6.24 0 0.92 0 0.26
Doubao-Seed-1.6 2942 2350 9.78 3.66 0.70 6.30 2.78 6.28 0 3.34
Qwen3-VL-235B-A22B-Thinking 32.29 30.39 12.69 2196 11.55 18.36 3.98 13.86  0.52 14.29
Qwen3-VL-235B-A22B-Instruct 3296 3144 16.12 23.04 16.84 23.38 0.04 21.60 1.02 16.92
Qwen3-VL-32B-Thinking 28.76  26.09 8.81 14.95 7.20 9.43 0.72 8.12 0 9.64
Qwen3-VL-8B-Thinking 4.82 4.76 0.22 1.94 0.18 0.38 0.16 1.32 0 1.48
QGO-8B (ours) 20.86 16.58 5.32 12.02 5.16 8.10 1.36 6.88 0.10 5.36
Table 11: MSOCR detailed results.
Traditional setting
Model EN zH HU RU SR CS AR VI TH KO
Gemini-3.1-Pro-Preview 81.49 80.87 79.83 8092 78.96 81.04 81.10 81.16 76.39 80.69
GPT-5 7428 72772 73.82 73.01 7243 73.64 71.79 7249 7272 72.02
GPT-5-mini 72.02 69.65 69.65 69.65 69.88 6948 6890 7040 6827 69.88
Llama-4-Maverick 60.87 57.46 58.15 58.21 56.76 58.55 5520 57.57 56.01 56.18
GLM-4.5v 59.69 5794 56.22 57.79 5424 5453 4878 5390 5224 5494
Doubao-Seed-1.6 6541 63.16 6241 5772 5379 60.61 58.07 59.11 59.05 56.54
Qwen3-VL-235B-A22B-Thinking 68.14 6492 6633 6254 6270 6558 65.17 6564 6454 64.83
Qwen3-VL-235B-A22B-Instruct 65.17 6457 61.03 6244 60.50 60.31 61.13 5797 5884 58.71
Qwen3-VL-32B-Thinking 66.10 6440 6427 6454 61.67 63.13 6390 6451 6442 63.49
Qwen3-VL-8B-Thinking 40.12 3827 4035 33.06 38.67 41.62 36.18 40.58 38.09 38.61
QGO-8B (ours) 51.04 4289 47.86 37.80 4624 51.04 4757 4884 4694 4792
Model Vision setting
EN ZH HU RU SR CS AR VI TH KO
Gemini-3.1-Pro-Preview 80.75 79.71 79.29 7879 77.11 79.71 77.05 79.54 7390 78.66
GPT-5 7289 68.21 69.71 69.88 7040 69.36 6324 7127 6601 6931
GPT-5-mini 7202 6861 6879 70.12 69.19 69.77 6391 69.88 69.25 69.77
Llama-4-Maverick 5538 4890 49.13 52.08 46.82 4746 4092 5029 4538 46.59
GLM-4.5v 61.75 58.44 52.87 54.58 4643 5595 22.17 5044 2589 41.06
Doubao-Seed-1.6 6526 6347 60.87 55.61 5023 6220 4145 5798 34.10 52.89
Qwen3-VL-235B-A22B-Thinking 66.18 63.25 64.04 6321 5920 64.62 56.09 6279 5352 62.35
Qwen3-VL-235B-A22B-Instruct 6445 62.09 5555 5948 5757 59.13 5046 53.06 49.42 53.70
Qwen3-VL-32B-Thinking 66.94 6444 6457 6297 6043 64.57 5213 6335 4743 5781
Qwen3-VL-8B-Thinking 4422 41.16 3896 2555 38.15 38.73 2434 4023 2145 36.01
QGO-8B (ours) 4942 46.07 46.01 2324 4353 4636 3324 4549 34.10 40.98

Table 12: MDUR detailed results.
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Traditional setting

Model EN 7ZH HU RU SR CS AR VI TH KO
Gemini-3.1-Pro-Preview 5237 6430 65.16 6240 60.79 58.11 65.68 64.52 4690 62.45
GPT-5 50.44 61.65 53.51 5229 5289 57.12 5436 5521 52.64 58.05
GPT-5-mini 64.01 6544 61.09 6189 61.22 6475 6346 60.03 6144 66.51
Llama-4-Maverick 49.54 47.14 4158 51.83 4623 4585 43770 4952 4192 4342
GLM-4.5v 53.59 5631 49.16 51.77 51.78 51.68 45.83 50.01 46.08 50.35
Doubao-Seed-1.6 62.32  60.36 51.99 56.05 52.74 54.13 5137 54.65 51.08 5591
Qwen3-VL-235B-A22B-Thinking 64.47 6735 59.67 6191 6026 6264 61.16 5991 5841 59.78
Qwen3-VL-235B-A22B-Instruct 72.54 7333 63.25 64.19 6244 6333 5593 4281 5992 61.88
Qwen3-VL-32B-Thinking 60.77 60.92 50.77 50.95 5393 56.77 54.89 52.11 53.50 55.21
Qwen3-VL-8B-Thinking 59.46 61.13 47.64 5331 50.28 52.75 5239 5495 53.17 51.23
QGO-8B (ours) 59.14  62.10 50.34 5425 52.05 53.64 5347 57.70 55.77 5391
Model Vision setting

EN ZH HU RU SR CS AR VI TH KO
Gemini-3.1-Pro-Preview 50.79 53.77 57775 55.89 5229 51.00 5295 56.63 43.12 56.96
GPT-5 52.59  60.30 5476 54.09 5531 5720 52.69 57.51 5525 59.78
GPT-5-mini 65.14 63.13 58.89 60.08 58.09 65.05 60.38 58.24 6132 65.15
Llama-4-Maverick 48.54 4387 43.65 4984 4294 4239 39.66 48.61 3990 41.09
GLM-4.5v 54.85 5721 4793 52.03 4890 51.79 2211 4751 2146 29.88
Doubao-Seed-1.6 59.79 5598 48.68 53.13 47.06 52.53 36.81 51.72 1947 45.23
Qwen3-VL-235B-A22B-Thinking 62.06 66.57 5052 5797 53.87 56.17 4745 5287 4093 55.15
Qwen3-VL-235B-A22B-Instruct 7198 72.83 61.25 66.06 6147 61.54 43.72 4639 4846 61.54
Qwen3-VL-32B-Thinking 5722 57.17 49.68 51.20 51.84 5337 4695 5049 27.71 49.00
Qwen3-VL-8B-Thinking 60.68 62.55 46.61 5192 47.81 4938 3829 5274 2531 41.63
QGO-8B (ours) 61.97 66.03 49.68 54.86 50.70 52.14 42.88 54.68 33.98 43.65

Table 13: MIQA detailed results.
Model EN ZH HU RU SR CS AR VI TH KO
Gemini-3.1-Pro-Preview 90.00 86.50 87.00 82.00 89.00 84.50 89.00 88.00 88.50 86.50
GPT-5 17.50  6.53 8.00 10.00 1050 11.06 10.50 12.50 10.00 9.05
GPT-5-mini 17.09 11.06 16.50 18.09 16.08 17.26 16.58 13.50 10.05 12.06
Llama-4-Maverick 67.50 30.00 62.00 3950 61.00 64.50 45.00 63.00 59.00 56.50
GLM-4.5v 87.50 8450 78.50 82.00 7850 85.00 46.50 81.50 50.00 70.00
Doubao-Seed-1.6 88.00 88.50 85.00 87.00 79.50 87.00 68.50 87.00 61.00 83.00
Qwen3-VL-235B-A22B-Thinking 90.00 89.50 90.50 89.50 90.00 91.50 84.50 90.00 8550 90.50
Qwen3-VL-235B-A22B-Instruct 88.50 90.00 81.50 83.50 80.00 87.50 70.50 82.50 71.50 85.50
Qwen3-VL-32B-Thinking 88.50 89.50 86.50 88.50 88.00 88.50 80.50 87.50 76.50 89.50
Qwen3-VL-8B-Thinking 87.50 82.50 83.00 85.00 81.00 84.00 63.50 82.50 54.00 80.00
QGO-8B (ours) 87.50 86.50 81.50 86.00 8250 8250 66.50 83.00 64.50 79.50
Table 14: MGUI detailed per-language results (vision setting). Each cell reports the click-grounding accuracy: a
prediction (x, y) is correct iff it falls inside the target element’s bbox.

Model EN ZH HU RU SR CS AR VI TH KO
Gemini-3.1-Pro-Preview 98.00 96.00 97.00 98.00 97.50 97.00 94.50 97.00 98.50 98.00
GPT-5 9450 9497 96.00 9548 93.00 9594 88.00 9500 9350 93.97
GPT-5-mini 93.97 93.47 94.00 9394 9250 93.85 87.94 94.00 85.00 90.45
Llama-4-Maverick 88.50 89.50 84.00 88.00 7850 8350 64.00 7250 66.00 62.50
GLM-4.5v 92.00 92,50 75.00 89.50 74.00 91.50 27.00 6850 35.00 67.50
Doubao-Seed-1.6 94.00 93.00 77.50 8550 56.50 86.50 60.00 86.00 41.50 77.50
Qwen3-VL-235B-A22B-Thinking 94.50 96.00 92.00 9450 94.00 94.00 79.50 89.50 74.00 90.00
Qwen3-VL-235B-A22B-Instruct 93.00 93.50 8550 93.00 90.50 92.50 79.00 87.00 68.00 87.50
Qwen3-VL-32B-Thinking 91.50 93,50 90.00 9350 87.50 93.00 69.00 92.00 57.50 82.00
Qwen3-VL-8B-Thinking 94.00 93.50 84.50 89.50 84.00 88.50 55.00 86.00 38.50 68.50

Table 15: MGUlI.y per-language results (vision setting). The companion task probes element identification on the
same screenshots and instructions used by the main MGUI grounding task: instead of emitting click coordinates, the
model is asked to output the visible text of the target UI element. A prediction is judged correct if its normalized text
matches the target element’s visible text. This isolates “what to click” (recognition + understanding) from “where to

click” (spatial grounding) and serves as a sanity-check for the unusually low MGUI grounding scores of GPT-5 /

GPT-5-mini reported in Table 14.

15361



Model Direct Judge Translate to EN before Judge A

GPT-5-mini 61.15 58.74 -2.41
Qwen3-VL-235B-A22B-Instruct 58.14 56.52 -1.62
GPT-5 56.32 54.35 -1.97
Qwen3-VL-235B-A22B-Thinking 53.50 52.00 -1.50
Gemini-3.1-Pro-Preview 53.37 51.59 -1.79
QGO-8B 49.85 46.82 -3.03
Qwen3-VL-32B-Thinking 48.60 47.46 -1.14
Qwen3-VL-8B-Thinking 46.25 43.70 -2.55
Doubao-Seed-1.6 45.62 44.69 -0.93
Llama-4-Maverick 43.55 42.99 -0.56
GLM-4.5v 42.09 41.20 -0.89

Table 16: The scores represent the average of 9 non-English language evaluations, with a maximum possible score of

100.

E Reliability of LLM-as-Judge on MIQA

E.1 Translate-to-English consistency

While our benchmark is designed to evaluate cross-
lingual capability disparities in LVLMs, one might
worry that using an LLM-as-judge introduces bias
from the inherently uneven cross-lingual perfor-
mance of the judge itself. To verify that this is
not the case, we implemented a translate-to-EN-
before-judge strategy: for the MIQA vision task,
we translated LVLM responses into English before
evaluation. The results for both judging strategies
are summarized in Table 16.

The translate-to-EN strategy produces results
nearly identical to those obtained by judging
the original (non-English) responses directly.
This indicates that our structured prompt design,
which incorporates multiple evaluation dimensions
and detailed scoring criteria, effectively mitigates
linguistic bias in the LLM-as-judge assessment
process. We therefore retain direct LLM-as-judge
in all subsequent experiments.

E.2 Cross-validation with Claude-Opus-4.7

To address concerns about single-judge reliability,
we re-evaluated MIQA-vision with an independent
second judge: Claude-Opus-4.7, replacing our
default DeepSeek-v4-flash judge while keeping
every other element of the protocol (the same six
scoring dimensions, the same human-written refer-
ences, the same prompt template) fixed. The second
judge was applied to the three models for which full
re-evaluations were available: GPT-5 (commercial
leader), Qwen3-VL-8B-Thinking (our open-source
baseline), and QGO-8B (our trained model). Ta-

ble 17 reports the per-language comparison.
Across all 10 languages and 3 models, the two
judges agree closely: mean |A| is 1.24, 2.27, and
2.01 points respectively. Crucially, the relative or-
dering of models is preserved on every language
and the cross-lingual pattern (large drop on AR/TH,
strong on EN/ZH) reproduces under the alternate
judge. This confirms that the cross-lingual dis-
parities we report are properties of the evaluated
LVLMs rather than artifacts of our judge choice.
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Model Judge AR CS EN HU KO RU SR TH VI ZH  Avg.
DeepSeek-v4-flash 52.69 57.20 52.59 54.76 59.78 54.09 5531 55.25 57.51 6030 55.95
GPT-5 Claude-Opus-4.7  54.20 60.30 54.80 55.80 61.10 5430 55.70 56.70 5820 60.80 57.19
A +1.51 +3.10 +2.21 +1.04 +1.32 +0.21 +0.39 +1.45 +0.69 +0.50 +1.24
DeepSeek-v4-flash  38.29 4938 60.68 46.61 41.63 51.92 47.81 2531 52.74 62.55 47.69
Qwen3-VL-8B-Thinking Claude-Opus-4.7  36.00 47.20 59.20 4240 3840 51.10 43.50 25.00 51.10 60.30 4542
A —2.29 —2.18 —-148 —-4.21 -3.23 —-0.82 —4.31 —-0.31 -1.64 —2.25 —-2.27
DeepSeek-v4-flash 42.88 52.14 61.97 49.68 43.65 5486 50.70 3398 54.68 66.03 51.06
QGO-8B (ours) Claude-Opus-4.7  44.80 5390 64.20 51.20 4690 57.60 51.80 37.60 57.90 64.80 53.07
A +1.92 +1.76 +2.23 +1.52 +3.25 +2.74 +1.10 +3.62 +3.22 —-1.23 +42.01

Table 17: MIQA-vision per-language scores under our default DeepSeek-v4-flash judge versus a Claude-Opus-4.7
second judge. Both judges score on a 0—100 scale (six dimensions averaged, then x10). A = Claude — DeepSeek.
Mean |A| across languages is 1.24, 2.27, 2.01 for the three models respectively, showing no systematic per-language

bias that would alter our cross-lingual conclusions.

F External-Benchmark Per-Language
Results

§6.3 reports aggregated results of QGO-8B on three
external multilingual suites; this appendix lists the
per-language breakdowns.

CC-OCR (Yang et al., 2025b) is a 10-language
full-text OCR set (150 samples per language). We
use a fixed evaluator of our own: after NFKC,
case, punctuation, and whitespace normalization,
we macro-average sample-level Normalized Edit
Distance, 1 — d(p, g)/ max(|p|, |g|), and order-
insensitive character-multiset F1. These metrics
are distinct from CC-OCR’s official Eval-Trans
implementation. Table 18 shows that QGO-8B im-
proves on every one of the 10 languages, with a +5.7
trained-language average and a +4.0 average on six
languages (FR, DE, IT, JA, PT, ES) that were never
seen during RL, direct evidence of cross-lingual
transfer.

MTVQA (Tang et al., 2025) is a multilingual
text-centric VQA benchmark containing both direct
text-reading and reasoning-dependent questions.
Five of its nine languages overlap with our train-
ing set. Table 19 reports per-language accuracy.
Trained-language scores improve modestly (+0.5
on average), while unseen-language scores are es-
sentially preserved (—0.4 on average).

OCRBench (Liu et al., 2024b) is a single-score
benchmark whose released 1,000-example v1 test
set provides a fixed 10-sub-task taxonomy but no
language field or per-language split. As Table 20
shows, QGO-8B matches the baseline overall (791
vs 789) and is within £6 points on every sub-task,
confirming no regression of base OCR capability.

Lang Baseline QGO-8B A
Trained languages (overlap with our 10)
AR 36.8 47.8 +11.0
KR 57.0 61.9 +4.9
RU 73.8 77.5 +3.7
VI 53.1 56.3 +3.2
Unseen languages
FR 77.0 80.0 +3.0
DE 69.5 74.6 +5.1
IT 67.7 73.2 +5.4
JA 46.7 51.6 +4.9
PT 76.0 77.9 +1.9
ES 67.6 71.5 +3.9
Trained avg 55.2 60.9 +5.7
Unseen avg 67.4 71.5 +4.0
Overall 62.5 67.2 +4.7
Char-F1 (ours) 80.2 87.0 +6.8

Table 18: CC-OCR (Yang et al., 2025b) results under our
fixed evaluator. Language rows and grouped averages
report NED (%); the final row reports macro-averaged
character-multiset F1 (%). Higher is better. All 10
languages improve; the largest gain is on Arabic (+11.0).
Six unseen languages (FR/DE/IT/JA/PT/ES) gain +4.0
on average, evidencing cross-lingual transfer beyond the
training set.
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Lang Baseline QGO-8B A
Trained languages
AR 20.1 20.5 +0.4
KR 423 42.5 +0.2
TH 28.6 29.4 +0.9
VI 44.8 46.2 +1.4
RU 17.6 17.2 —-04
Unseen languages
DE 38.6 39.2 +0.6
FR 48.3 479 -0.5
IT 43.8 432 —0.6
JA 26.1 24.8 -1.3
Trained avg 30.7 31.1 +0.5
Unseen avg 39.2 38.8 —-0.4
Overall 34.5 34.5 +0.1

Table 19: Per-language MTVQA (Tang et al., 2025)
results. Accuracy (%); higher is better. The trained-
language gain (+0.5) is positive but modest on this
benchmark, which contains both direct text-reading and
reasoning-dependent questions; unseen-language scores
are essentially preserved.

Sub-task Baseline QGO-8B A

Regular Text Recog. 98.0 98.0 0.0
Irregular Text Recog. 94.0 96.0 +2.0
Artistic Text Recog. 94.0 92.0 —-2.0
Handwriting Recog. 72.0 66.0 —6.0
Digit String Recog. 70.0 72.0 +2.0
Non-Semantic Text Recog. 92.0 94.0 +2.0
Scene Text-centric VQA 85.0 85.5 +0.5
Doc-oriented VQA 92.5 92.0 —0.5
Key Information Extraction 87.0 87.0 0.0
HMER' 0.0 0.0 0.0
Total (out of 1000) 789 791 +2

Table 20: Per-sub-task results on the released 1,000-
example OCRBench vl test set (Liu et al., 2024b).
The release provides a fixed 10-task taxonomy but no
language field or per-language split, so this is the finest
available breakdown. QGO-8B matches the baseline
overall, confirming no degradation of base OCR ability
despite our RL training using none of OCRBench’s
data distribution. THMER = Handwritten Mathematical
Expression Recognition; both models score 0 under the
benchmark’s strict string-containment evaluator.

G Per-language PCC Analysis

To probe whether OCR capability is linked to down-
stream task performance across languages, we
compute Pearson Correlation Coefficients (PCCs)
between three pairs of per-language score vectors
(length 10, one entry per language) for each of
the 10 evaluated LVLMs: MSOCR vs. MDUR,;sion,
MSOCR vs. MIQA jsion, and MSOCR vs. MGUI.

Given two such per-language score vectors X,y €
R0, PCC is defined as
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PCC(Xv Y) = (6)
where Z and  denote the language-wise means;
|PCC| > 0.5 is conventionally read as a strong
linear correlation. The first pair probes the link
between multi-scale OCR and reasoning VQA on
visually rendered text; the second probes the link
to open-ended generation; the third probes the
link to coordinate-based grounding on multilingual
screenshots. The full per-model heatmap visualizing
these correlations is shown in the main text (Fig. 4b):
MSOCR vs. MDUR-vision is consistently strong
across all 10 evaluated models; MIQA-vision and
MGUI also exhibit predominantly strong positive
correlations, with a few model-specific exceptions
(e.g. GPT-5 on MIQA, Gemini-3.1-Pro on MGUI).
The pattern supports our claim that OCR is a key
cross-lingual factor.

H Training and Inference Configuration

This appendix details the inference setup we apply
to all 10 evaluated LVLMs and the training recipe
used to obtain QGO-8B from the Qwen3-VL-8B-
Thinking base model.

Inference setup. For all 10 evaluated models on
every PM*Bench task, we use greedy decoding
(temperature 0) and apply each model’s official
default chat template. Greedy decoding removes de-
liberate sampling and minimizes decoding stochas-
ticity, but it does not guarantee bitwise-identical
outputs across repeated runs. We therefore use this
uniform low-stochasticity configuration without
treating it as proof of exact determinism. Per-task
user prompts (one figure per task) and the LLM-as-
judge prompt for MIQA are listed in appendix B.

Training framework and optimizer. The OCR-
centric GRPO post-training of QGO-8B is imple-
mented on top of VeRL (Sheng et al., 2025), a
flexible RLHF framework. We optimize the base
Qwen3-VL-8B-Thinking with AdamW at learn-
ing rate 1 x 1075, Each optimization step uses

15364



Reward & Accuracy Score
1.0

IR i - 0.5 ’\\ —— Length Penalty
0.8 ./ \ - = Repetition Penalty

0.4 A

Penalty Value

0.3 A

—— Total Reward
Format Reward
-+ OCR Accuracy

[ 50 100 150 200 O 50 100 150 200
Training Step Training Step

Figure 15: Training dynamics of OCR-centric GRPO.
Left: The evolution of total reward, Ry, and R,.. over
training steps on validation split, calculated every 10
steps. Right: The reduction in P, and Prep.

32 prompts and generates 8 rollouts per prompt,
yielding a global rollout batch of 256 sampled tra-
jectories. Rewards are computed per rollout and
the group-relative advantage is used to update the
policy.

Supervised baselines. The Full SFT and LoRA
SFT baselines in Table 6 use the same Qwen3-VL-
8B-Thinking initialization and the same synthetic
OCR corpus as QGO-8B. Both use a maximum
sequence length of 12,288, global batch size 16,
and seed 42. Full SFT updates all parameters at
learning rate 1 x 10~°. LoRA uses rank 16, o = 32,
all linear layers as targets, a frozen vision encoder,
and learning rate 1 x 10~%. These are representa-
tive method-specific configurations rather than a
compute-matched hyperparameter sweep, which
is why the main-text comparison is interpreted
diagnostically.

Convergence and compute cost. Empirically,
the training reward stabilizes well within the first
200 optimization steps (see Fig. 15), and we use
the step-200 checkpoint for QGO-8B. Reaching
this checkpoint takes approximately 9 hours on 8
NVIDIA H200 GPUs. Crucially, our reward is com-
puted entirely from synthetic OCR data without any
human annotation or task-specific VQA supervision,
and the base model is small (§B parameters), which
makes our recipe a low-friction add-on that can be
re-run after each base-model release.

Reward hyperparameters. During training we
empirically set Ly, = 1000, Lyax = 10000,
A = 1200, 7 = 0.6, a1 = 0.2, ay = 0.8, and
a3 = 0.4. Under the notation of Eq. (5), the accu-
racy and format weights are respectively w; = 0.8
and wy = 0.2. The format reward is intention-
ally weighted lower than the accuracy reward

(w1/we = 4): satisfying the format and length
constraint should yield only a sustaining signal,
while the OCR accuracy term drives the optimiza-
tion trajectory. This weighting preserves the model’s
underlying chain-of-thought reasoning behavior,
which is critical for the non-OCR transfer results
reported in the main text.
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