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Abstract

The advent of Multimodal Large Language Models
(MLLMs) has unlocked the potential for end-to-end docu-
ment parsing and translation. However, prevailing bench-
marks such as OmniDocBench and DITrans are domi-
nated by pristine scanned or digital-born documents, and
thus fail to adequately represent the intricate challenges
of real-world capture conditions, such as geometric distor-
tions and photometric variations. To fill this gap, we in-
troduce DocPTBench, a comprehensive benchmark specif-
ically designed for Photographed Document Parsing and
Translation. DocPTBench comprises over 1,300 high-
resolution photographed documents from multiple domains,
includes eight translation scenarios, and provides metic-
ulously human-verified annotations for both parsing and
translation. Our experiments demonstrate that transition-
ing from digital-born to photographed documents results in
a substantial performance decline: popular MLLMs exhibit
an average accuracy drop of 18% in end-to-end parsing
and 12% in translation, while specialized document pars-
ing models show significant average decrease of 25%. This
substantial performance gap underscores the unique chal-
lenges posed by documents captured in real-world condi-
tions and reveals the limited robustness of existing models.
Dataset and code are available at https://github.
com/Topdu/DocPTBench.

1. Introduction

Accurately parsing and translating documents [5, 11, 16,
22-24, 36, 51, 54, 55, 60] from photographed images is
fundamental to modern applications such as mobile scan-
ning, multilingual invoice processing, and cross-lingual in-
formation retrieval. In these real-world scenarios, docu-

* The authors contributed equally.
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ments are often captured under uncontrolled conditions, re-
sulting in images degraded by artifacts like motion blur, per-
spective distortion, and uneven lighting. Recent progress
in Multimodal Large Language Models (MLLMs) [I, 9,
10, 26, 47, 52, 59] offers a promising paradigm that uni-
fies document parsing and translation into a single, end-
to-end framework. By demonstrating strong performance
on digital-born documents, these models have established
the feasibility of this unified approach, challenging the tra-
ditional reliance on complex, multi-stage pipelines. Tradi-
tionally, this task relies on a sequence of discrete steps: doc-
ument unwarping [12, 13, 28, 29, 49] to rectify geometric
distortions, followed by document-specialized models [6—
8, 11, 14-16, 21, 27, 30, 33, 34, 39, 43, 44, 55, 56] for
content extraction, and finally, translation of the resulting
plain text. While MLLMs offer a compelling alternative
to this cumbersome pipeline, their robustness on real-world
photographed documents remains largely unverified due to
a lack of appropriate benchmarks.

Prevailing benchmarks for document parsing and trans-
lation primarily evaluate model performance on digital-born
or high-quality scanned documents. Prominent parsing
benchmarks like FoxPage [25], OmniDocBench [37], and
olmOCR-Bench [41] feature clean layouts and well-aligned
text, failing to represent the complexities of photographed
documents. Similarly, DoTA [22], a pioneering benchmark
for document image translation, is constructed from pris-
tine LaTeX source files. Consequently, these benchmarks
largely neglect the challenges inherent in photographed
documents. While recent efforts like WildDoc [50] have
begun to incorporate in-the-wild images, they focus on Vi-
sual Question Answering (VQA) and lack the parsing and
translation annotations.

To bridge this gap, we introduce DocPTBench, a com-
prehensive benchmark for Photographed Document Parsing
and Translation. DocPTBench comprises over 1,300 high-
resolution document images spanning multiple domains,
including invoices, forms, academic papers, and maga-
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Figure 1. (a): the results of MLLMs on English (En)-started parsing (P) and translation (T) tasks; (b): the counterpart on Chinese (Zh)-
started tasks; (c): the results from document parsing expert models. Ori- refers to the original digital-born document and Photographed-
is its photographed version. Text- indicates that only the textual content of the document image is used as the source-language input. A
lower Edit distance indicates higher parsing quality, and a higher BLEU score reflects better translation fidelity.

zines, covering eight translation directions. Each image
is paired with meticulously human-verified annotations for
both parsing and translation. By integrating photographed
images with a dual-task evaluation protocol, DocPTBench
establishes a unified framework to comprehensively assess
the parsing and translation capabilities of modern models.
This design enables a direct and fair comparison between
general-purpose MLLMs and specialized document parsing
systems, a capability that was previously unattainable.

Our comprehensive evaluation on DocPTBench reveals
a significant weakness in current models. Both state-of-the-
art MLLMs and specialized document parsing models suf-
fer substantial performance degradation when processing
photographed documents. As illustrated in Fig. 1, this tran-
sition increases the average parsing edit distance by 18% for
MLLMs and 25% for expert models. The results on trans-
lation is also severe, with BLEU scores dropping by 12%
when shifting to photographed documents. These findings
expose key bottlenecks of modern models: a vulnerability
to visual artifacts (e.g., noise, layout interference) and per-
sistent challenges in spatial reasoning, low-light robustness,
and multilingual typography handling. By providing a rig-
orous and realistic testbed, we aim to catalyze the devel-
opment of more robust and generalizable document intelli-
gence models, ultimately bridging the gap between labora-
tory performance and real-world applicability.

Our main contributions are summarized as follows:

¢ We introduce DocPTBench, the first benchmark for real-
world photographed document parsing and translation. It
covers instances from multiple domains and languages
and incorporates photo-taking conditions, aiming to re-
veal the practical challenges inherent to this task.

* We conduct extensive evaluations of both general-
purpose MLLMs and document-parsing specialized mod-
els on DocPTBench. The results demonstrate a signif-
icant performance degradation when models are tasked
with parsing or translating photographed documents, un-

derscoring current limitations and identifying important
directions for future research.

2. Related Work

Document Parsing Benchmarks. The rapid evolution of
vision-language models [1, 3, 10, 17, 46, 48, 53, 58, 63] has
made document parsing a cornerstone capability, spurring
the creation of specialized benchmarks. Early efforts, such
as FoxPage [25], concentrated on the structured domain of
academic papers sourced from clean PDF documents. Sub-
sequent work broadened this scope: OmniDocBench [37]
included multiple domains like digital-born PDFs and hand-
written notes, while olmOCR-Bench [41] was introduced to
assess content recall.

However, a common thread unites these benchmarks: a
reliance on pristine, digital-born or high-quality scanned
documents. Their content is typically well-structured and
geometrically regular, failing to capture the complexities
of real-world acquisition. The performance degradation on
photographed documents has been noted in related tasks
like MTVQA [45], where MLLMs show a marked drop in
accuracy. This observation prompted the creation of Wild-
Doc [50], a benchmark featuring in-the-wild document im-
ages. Despite its use of realistic images, WildDoc is de-
signed as a document VQA [19, 31, 32] dataset and thus
lacks the detailed structural annotations required for assess-
ing parsing systems. Consequently, a benchmark for pars-
ing photographed documents with rich layout and content
annotations remains a critical need, one that DocPTBench
is designed to fill.

Document Translation Benchmarks. The evaluation of
end-to-end document translation from images is an emerg-
ing research area. Foundational work includes DoTA [22],
which pioneered the task by translating document images
(primarily from arXiv) into structured Markdown. Build-
ing on this, DITrans [60] emphasized high-quality plain-text
translation from documents with complex layouts. While its



manually curated reading order annotations were a key con-
tribution, the dataset consists mostly of scanned images and
does not evaluate document parsing.

Other efforts have explored different facets of the prob-
lem. M3T [18] was designed to assess whether VLMs
could exploit visual context to improve translation (e.g.,
correcting errors using visual cues), rather than evaluating
a full end-to-end parsing and translation pipeline. Simi-
larly, DIT700K [61] is a large-scale dataset generated via
an automated pipeline, making it valuable for model train-
ing but less suited for fine-grained benchmarking; more-
over, it lacks photographed documents. While these prior
efforts laid critical groundwork, they collectively reveal a
persistent gap. A comprehensive benchmark for evaluating
end-to-end structured document translation from real-world
photographed images, across multiple domains and lan-
guage pairs, has been conspicuously absent. DocPTBench
addresses this void by unifying these challenges within a
single, integrated evaluation framework.

3. DocPTBench

This section presents the DocPTBench evaluation frame-
work, designed to rigorously evaluate MLLMs on real-
world document parsing and translation tasks. We will elab-
orate on four key aspects: (1) the meticulous construction of
the benchmark, including Original, Photographed, and Un-
warping sets; (2) the suite of metrics for both parsing and
translation; (3) the diverse range of models evaluated; and
(4) the detailed experimental setup.

3.1. Benchmark construction

DocPTBench is meticulously designed to evaluate doc-
ument parsing and translation models under realistic con-
ditions. It is built upon the 981 high-quality documents
from OmniDocBench [37] and organized into a three-tiered
structure for progressive, fine-grained analysis, as illus-
trated in Fig. 2:

Original: This tier comprises the 981 original, born-
digital documents. It serves as a baseline to establish the
upper-bound performance of a model’s core parsing and
translation capabilities, free from any visual degradation.

Photographed: To simulate real-world document acqui-
sition, this tier contains 1,381 images. It includes: (1) 981
images generated by applying common photographic simu-
lations to the original documents, and (2) 400 additional im-
ages created by physically photographing 100 of the origi-
nal documents under four distinct and challenging condi-
tions. This process introduces a diverse range of realistic
degradations, including lighting variations (e.g., strong illu-
mination, shadows), perspective distortions, physical wear
(e.g., folds, wrinkles), and camera-induced artifacts like
overexposure and motion blur.
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Figure 2. Overview of the DocPTBench benchmark construction.

Unwarping: This tier is created by processing the entire
Photographed collection with a commercial document un-
warping API'. By rectifying geometric and curvature dis-
tortions, this set allows us to isolate their impact on model
performance and to measure the effectiveness of such pre-
processing pipelines.

To support the document translation task, we estab-
lished ground truth for eight language pairs, including
En-Zh/De/Fr/Ru and Zh-En/De/Fr/Ru. The source texts
were taken from the human-verified annotations of Om-
niDocBench. For the target languages, we employed a
semi-automated methodology: translations were first gener-
ated using the advanced Qwen-Max” and subsequently un-
derwent rigorous manual verification and refinement. This
approach ensures the creation of high-quality multilingual
ground truth in a scalable and cost-effective manner.

As summarized in Tab. 1, DocPTBench distinguishes it-
self from existing benchmarks through three key features. It
unifies the joint evaluation of parsing and translation, over-
coming the limitation of prior work focusing on a single
task. Furthermore, it incorporates 1,381 photographed im-
ages to assess model robustness under complex real-world
visual conditions. Finally, its extensive multilingual sup-
port across eight language pairs significantly broadens the
research scope. Together, these features establish DocPT-
Bench as a critical resource for assessing the true end-to-
end capabilities of document intelligence models in practi-
cal scenarios.

3.2. Evaluation Metrics

We evaluate model performance on two primary tasks:
document parsing and document translation. Each task is
assessed using a specialized suite of metrics for a compre-
hensive analysis.

For document parsing, we adopt the evaluation suite

Ihttps://www.textin . com/market /detail / crop_
enhance_image

2https : / / help . aliyun . com/ zh / model - studio /
models#gwen-max—-cn-bj
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Dataset ‘ Task Type Source-Target #Image
FoxPage [25] Parsing Digital-Born - 212
OmniDocBench [37] Parsing Digital-Born - 981
olmOCR-Bench [41] Parsing Digital-Born - 1,403
DoTA [22] Translation Digital-Born En-Zh 1,003
DIT700K [61] Translation Digital-Born En-Zh/De, Zh-En 1,280

DITrans [60] Translation Digital-Born/Photographed En-Zh 335/30

. . . . En-Zh/De/Fr/Ru
Ours Parsing+Translation | Digital-Born/Photographed/Unwarping Zh-En/De/Er/Ru 981/1381/1381

Table 1. Comparisons between DocPTBench and existing benchmarks. Source-Target means the translation pairs.

from OmniDocBench [37], which assesses a model’s ability
to interpret various structural elements. These metrics in-
clude several based on Levenshtein edit distance [20], such
as Text Edit, Formula Edit, Table Edit, and Read Order
Edit, where lower scores signify better performance. Ad-
ditionally, the Tree-Edit-Distance-based Similarity (TEDS)
score [62] is employed for table structure recognition,
where a higher score indicates superior performance.

For document translation, we employ a suite of standard
machine translation metrics to assess translation quality.
This includes BLEU [38] for n-gram precision, chrF [40]
for character-level n-grams, METEOR [4] for alignment-
based unigram matching with stemming and synonymy, and
STEDS [62] for measuring semantic and structural similar-
ity in the Markdown output.

3.3. Models Evaluated

To provide a rigorous and representative evaluation,
our study assesses a diverse set of state-of-the-art models,
which are specifically stratified into two distinct categories.

The first category, Expert Models, comprises systems
specifically engineered and optimized for the document
parsing task. This group includes leading purpose-built
systems such as PaddleOCR-VL [11], MinerU2.5 [35],
dots.ocr [43], MonkeyOCR [21], Deepseek-OCR [56], and
olmOCR?2 [41]. Given their focused design on document
content extraction, these models are evaluated exclusively
on document parsing tasks.

The second category, General MLLMs, consists of large-
scale, general-purpose multimodal models endowed with
broad visual and linguistic reasoning capabilities. We
benchmark a selection of prominent models, including
Gemini 2.5-Pro [10], Qwen-VL-Max [2], GLM-4.5v [48],
Kimi-VL [46], and Doubao-Seed-1.6-vision [17], on both
parsing and translation to assess their versatility. Addition-
ally, for the translation task, we include four leading open-
source, parameter-efficient models: Qwen3-VL-4B [42],
Qwen2.5-VL-3B [3], InternVL3-2B [63], and InternVL3.5-
2B [53]. This inclusion allows us to establish a performance
baseline for more accessible systems and to identify their
current limitations on complex translation tasks.

3.4. Experimental Setup

To systematically evaluate the performance on the doc-
ument parsing and translation tasks, we test models un-
der various image conditions and prompting strategies, en-
abling a comprehensive analysis of model’s strength and ro-
bustness against real-world visual distortions.

For the document parsing task, models are benchmarked
across three distinct scenarios designed to progressively iso-
late specific challenges: (1) Original digital documents,
which establish a performance baseline in ideal conditions;
(2) Photographed images, which assess model robustness
against complex conditions like perspective distortions and
uneven lighting; and (3) Unwarping images, which serve to
evaluate the specific impact of geometric rectification.

For the document translation task, our evaluation pro-
ceeds in several stages. First, we establish a text-only base-
line to measure the upper bound of each model’s translation
capability, separate from any visual parsing errors. Next, we
assess end-to-end performance on document images using
two prompting strategies: Simple prompt, which instructs
the model to perform a direct, single-step translation from
the image to target-language text; and Chain-of-Thought
(CoT) prompt [57], which guides the model to first parse the
document into source-language Markdown and then trans-
late this intermediate representation. This two-step pro-
cess helps decouple perception from translation, allowing
for a more granular analysis of error sources. This end-
to-end translation evaluation is conducted on both Original
and Photographed documents, allowing us to quantify the
performance degradation caused by real-world distortions.
This layered methodology enables a comprehensive analy-
sis of each model’s strengths and weaknesses, from its core
linguistic proficiency to its resilience against real-world vi-
sual degradation.

4. DocPTBench Results

This section presents a diagnostic evaluation of model
performance on DocPTBench, systematically analyzing the
challenges inherent in real-world document parsing and
translation. We first quantify the performance degradation



Overall®ditt Text®ditt Formula®dit+ Table TEPST Table®ditt Read Order®dit+
Type Model Scene
En Zh En Zh En Zh En Zh En Zh En Zh
Original 10.5 12.6 4.1 6.2 24.1 31.6 88.0 92.1 9.3 6.2 4.5 6.3
PaddleOCR-VL [11] Photographed 37.5 57 o 39.6 57 ¢ 29.5 55 4 38.0 51 5 47.1 55 50.3 15,7 54.3 35 7 64.8 57 3 444 551 31.9 55 7 29.1 54 6 382 31 ¢
Unwarping  15.95; ¢ 21.1415 5 100419 5 174450 6 30.1417.0 382415 1 82.5155 5 831415 3 1414505 1345155 9.1 4200 1544225
Original 11.1 17.4 5.0 74 25.8 473 88.3 89.2 8.9 8.3 4.5 6.8
MinerU2.5 [35] Photographed 37.3 55 5 474 30,0 37.0 350 53.6 46,0 44.3 155 62.0 147 549,534 598294 38.9 50,0 33.5,05.5 29.0 045 40.3 55 5
) Unwarping  17.3150.0 252405 2 13.1405.9 191554 5 3194104 52209 5 7929045 811401 3 157105 5 146415 9 8.3 1507 150425 3
]
2 Original 12.5 16.0 32 6.6 329 41.6 88.6 89.0 9.9 9.2 4.0 6.7
E dots.ocr [43] Photographed 33.7 51 5 37.3 51 3 298 566 35.8,59.0 39263 544 155 63.7 549 67.6 51 4 33.0 55 1 27.1 17 9 32.8 55 5 31.8 55 1
g Unwarping 16317 4 241513 5 83 491 5 209414 9 322,70 420415 4 802116 5 823414 7 1691161 146415 5 79 1049 189415 9
%
= Original 14.6 22.1 6.8 11.8 27.2 452 81.3 85.5 14.9 13.4 9.3 17.9
MonkeyOCR [21]  Photographed 46.4 | 5, 5 52.8 30 7 34.5 57 7 43.9 55 1 48.7 51 5 61.6 154 33.1 45 5 374 451 645,496 61.5 45 1 379 55 6 44.1 96 >
Unwarping 188457 5 31.9150. 9 125195 0 23.6450.3 3214166 558158 7724401 771439 7 172047 3 195545 0 135494 4 28.7415. 4
Original 134 18.1 4.6 9.7 28.5 433 82.6 89.0 13.8 8.8 6.7 10.5
DeepSeek-OCR [56] Photographed 54.4 | ;1 o 57.8 |39 7 56.7 55 1 57.6 479 544 55 9 74.1 50,58 28.0 546 354 556 64.7 500 592 50.4 41.7 550 404 59 o
Unwarping 22.1432.3 33.5424.3 149441 8 2944252 32.1455 3 58.8;15 3 67~0r39.0 75.8440.4 26'7T38.() 20.9435.3 14.8496.9 249415 5
Original 16.1 26.7 4.8 18.5 39.2 54.3 83.7 78.5 12.3 16.5 8.1 17.4
olmOCR2 [41] Photographed 27.8 11 7 44.6, 17 9 22.0 17 5 39.9 51 4 44.6 54 741 195 67.6 161 654 151 24.6 15 5 285,150 199115 360,156
Unwarping  17.5410.3 372474 7.3 41473297 375:71 667,74 8191145 772411 5 14351053 191494 110459 30245 g
Original 14.8 21.2 5.5 16.8 35.6 439 85.8 86.4 13.0 11.9 49 12.1
Gemini2.5-Pro [10] Photographed 18.2 5 4, 304,95 98 43 277,109 37115 568 159 813,45 82955 146,14 137, 11265 23.6) 4 5
Unwarping 169, 5 273151 92 106 208459 353:, 5 570 90 83445, 85945 13155 1184, 9 1004, 5 19845
" Original 22.5 293 16.2 27.6 312 47.2 66.6 76.3 31.9 245 10.8 17.9
E Doubao-1.6-v [17]  Photographed 54.7 55 5 55.4 56 1 60.6 44 4 58.2 50 6 51.5 50 5 61.1 139 27.6 39 ¢ 379 354 67.0 551 61.9 37 4 39.7 55 9 40.2| 55 5
E Unwarping  30.045, 7 42.5115 9 238435 8 41.8516 4 3451170 56414 7 5571951 60.8105 9 449105 1 424519 5 167155 5 29.5410.7
= Original 16.6 26.5 5.2 20.5 329 44.0 84.2 86.7 22.0 23.7 6.5 17.7
= 2
g  Qwen-VL-Max [3] Phologr?phed 277 111 427 16,20 159107 415,51 0 41.8 59 572155 711 151 T1.6 151 3631, 5380 143 168, 5344 5~
é Unwarping  19.0,5 7 3264101 68 191 321494 338,50 48557 8137105 83341726595 2204165090 75 278456
Original 255 32.0 16.1 277 43.8 51.8 74.0 714 26.9 30.5 154 17.9
GLM-4.5v [48] Photographed 36.7 11 5 49.6 176 262 191 47.750.0 499,61 662 144 58.9 151 54.0 05 4 43.5165.6 490,155 273119 357,178
Unwarping = 23.9:5 g 369415 7 13.1415.1 37.7410.0 390110.9 5354127 7381149 756421 6 2691166 287120 3 1651105 277450
Original 36.5 38.7 17.2 22.0 48.6 52.2 57.1 67.8 65.9 62.5 14.3 18.1
Kimi-VL [46] Photographed 69.6 55 | 68.7 50 g 66.0 45 5 635,41 5 75.5 56,9 82.6,30.4 164,407 22.9 44 9 854 19 5 822 19,7 51.6, 37 5 46.7 55 ¢
Unwarping  41.1,55 5 50.715. ¢ 263159 7 38.5105. ¢ 504,55 1 68.8, 15 5 554,50 ¢ 623159 4 654150 650417 5 22.1459 5 30.7416 ¢

Table 2. Document parsing performance on DocPTBench across various image conditions. This table contrasts the accuracy of specialized
Expert Models and General MLLMs on three document types: pristine Original documents, Photographed images with real-world distor-
tions, and geometrically corrected Unwarping images. The results quantify the performance degradation caused by photographic artifacts
and the partial recovery achieved through unwarping. Lower Edit scores and higher TEDS scores indicate better performance.

caused by photographic distortions and the extent to which
unwarping mitigates this loss. Then our analysis pivots to
translation, dissecting the modality gap and the utility of
Chain-of-Thought prompting. Finally, by correlating pars-
ing accuracy with translation fidelity under various condi-
tions, we pinpoint the primary bottlenecks for document
translation, revealing a dual dependency on both visual per-
ception robustness and intrinsic linguistic capability.

4.1. Real-World Parsing Challenges

The transition from digital-born documents to real-world
photographed documents reveals a critical vulnerability
across all evaluated models. As shown in Tab. 2, this shift
introduces a stark and universal degradation in parsing ac-
curacy. The introduction of the visual artifacts, ranging
from geometric distortions like perspective distortions and
curvature, to photometric variations such as uneven lighting

and motion blur, severely compromises model performance.

This fragility is particularly pronounced in special-
ized expert models, which are often built on multi-stage
pipelines. For instance, MonkeyOCR’s Overall Edit Score
(En) deteriorates dramatically from 14.6 on the Original set
to 46.4 on the Photographed set. This significant decline
is emblematic of a broader trend, with specialized expert
models experiencing an average performance degradation
of 25%. This can be attributed to their architectural design,
which often relies on layout analysis modules enforcing
rectangular bounding box assumptions. Such constraints
are fundamentally incompatible with the warped and dis-
torted text regions common in photographed documents,
leading to catastrophic failures in the parsing task.

In contrast, Gemini 2.5-Pro, one of the top-tier general-
purpose MLLMs, demonstrates comparatively greater re-
silience, with the Overall Edit Score (En) moving from 14.8



to just 18.2. General-purpose MLLMs saw a more modest
average decline of only 18%, which suggests that their end-
to-end architectures, likely trained on a more diverse and
noisy dataset, are inherently better equipped to disentan-
gle textual content from visual artifacts. This inherent ro-
bustness allows them to outperform many specialized expert
models in these real-world conditions, even if their baseline
performance on pristine documents is lower.

4.2. Efficacy and Limitations of Unwarping

To isolate the specific impact of geometric distortion, we
conducted a further evaluation on the Unwarping dataset.
The results, detailed in Tab. 2, confirm that this pre-
processing step yields a substantial and system-wide per-
formance recovery, establishing that restoring a document’s
geometric integrity is a cornerstone of accurate parsing.
For instance, DeepSeek-OCR’s Overall Edit Score (En)
improves dramatically from 54.4 on photographed images
back to 22.1, recovering most of the performance lost from
the pristine original. Similarly, the Table TEDS score for
PaddleOCR-VL (En) rebounds from 54.3 to 82.5. This
trend holds true across nearly all models and metrics, be-
cause unwarping rectifies perspective skew and page curva-
ture, transforming distorted text regions back into the recti-
linear layouts that most parsing models are fundamentally
designed to process. This correction greatly reduces the bur-
den on the model’s layout analysis and OCR modules.

However, this recovery, while significant, is incomplete.
A persistent performance gap remains between the results
on the Unwarping set and the Original set. This linger-
ing deficit empirically validates that geometric distortion is
only part of the problem. Photometric degradations such
as uneven lighting and motion blur, are not addressed by
geometric correction and continue to impede model per-
formance. These artifacts directly corrupt the low-level vi-
sual features processed by the vision encoder. As visually
corroborated in Fig. 3, even after the document’s macro-
structure is perfectly flattened, the text itself may remain
blurry compared to the digital-born one. While geomet-
ric correction is a crucial and effective pre-processing step,
achieving true real-world robustness requires a two-pronged
approach that combines better pre-processing with the de-
velopment of model architectures that are intrinsically more
resilient to a wide array of photometric noise.

4.3. Modality Gap in Document Translation

To evaluate end-to-end document translation, we be-
gin by quantifying the performance gap between translat-
ing text-only inputs and translating from document images.
While our benchmark covers eight language pairs, for the
sake of brevity, our main analysis focuses on the English-
Chinese (En-Zh) and Chinese-English (Zh-En) translation
directions. Comprehensive results for all language pairs are

Original

Photographed Unwarping

Figure 3. Document parsing results of PaddleOCR-VL across dif-
ferent document conditions. The images visually corroborate our
quantitative findings, demonstrating the sharp decline in parsing
quality on photographed images and the significant improvement
after unwarping. More cases are presented in the supplementary.

provided in the supplementary material. The results, de-
tailed in Tab. 3, reveal a substantial and widespread perfor-
mance degradation across all models, highlighting the in-
herent challenge of transitioning from a unimodal, linguis-
tic task to a multimodal one. For instance, Qwen-VL-Max’s
BLEU score on the En-Zh translation task plummets from
69.41 to 41.04. The performance collapse is even more pro-
nounced for other models, such as InternVL3.5-2B on the
Zh-En task, where the METEOR score falls from 61.02 to a
mere 10.52, underscoring the severity of this modality gap.

This performance gap is attributed to the compounded
challenges of the multimodal task, which introduces a cas-
cade of potential errors, including (1) Optical Character
Recognition (OCR) inaccuracies that introduce corruption
into the recognized source text; (2) misinterpretation of
complex layouts that disrupts the logical flow of content;
and (3) interference from non-textual visual elements that
distracts the model from the relevant textual content. Crit-



Type ‘ Model ‘ Input ‘ En-Zh Zh-En
| | | BLEU chrF METEOR  STEDS BLEU chrF METEOR  STEDS
Text 49.61 56.87 66.74 94.35 50.20 72.82 64.91 94.24
Qwen3-VL-4B [42] | Original-Simple | 32.11 1, 50 4022|1565 4749 1905 6455 5950 | 2831 51 59 487254 19 4044 54 47 6841 55 o5
Original-CoT | 36.86, 75 45.17.4 05 5397645  6883., 05 | 3484655 572955, 487554 6614, o7
] Text 48.60 55.39 63.91 81.59 45.29 66.13 57.55 87.35
£ | Quen25-VL-3B [3] | Original-Simple | 18.18 50 45 2565,20.74 2742y56.40 990212557 | 1520030.00 237314240 207813677 6087,56.45
= Original-CoT | 19.37;, 1o 2885.550 3209, g 4957945 | 18505550 35561, g5 2898,5.0 4824 .5 5
& Text 48.25 54.29 62.48 89.42 33.54 50.01 43.78 84.94
InternVL3-2B [63] | Original-Simple | 10.87 57 55 17.33 35,06 1891 4557 5590 3550 | 727 [0g.07 1163 5555 10385540 5783571y
Original-CoT | 19215 54 280741074 329151400 5516074 | 220751450 460155, 55 36.06105 65 5916, 55
Text 57.49 63.14 72.23 94.29 48.46 69.48 61.02 92.18
InternVL3.5-2B [53] | Original-Simple | 2543 35 o5 34.62 55 55 401535 5 6444 50 o5 | 842 |40 04 1104 5 44 1052 55 50 65.03 57 15
Original-CoT | 314215 g9 41.2516 63 486915 54 05141 70 | 2828119 36 5016439 15 41.75:3, 53 61.86,3 17
Text 60.07 66.54 76.39 92.90 53.62 76.01 70.06 91.23
Gemini2.5-Pro [10] | Original-Simple | 44.34 5 -5 5383 15 71 6497 1y 45 7177 5y 15 | 3796 15 66 6745555  58.04 15 5 6575 55 45
Original-CoT | 4441, o7 5394011  6568.57 7505555 |428l.4g5 696205 17 61.67.565 7537965
Text 69.41 74.05 82.81 96.91 54.33 75.19 67.35 92.19
g | Qwen-VL-Max [2] | Original-Simple | 41.04 55 57 5081 55 54 59772504 7276 5415 | 3629 1504 61031415 50401505 7168 50 5,
s Original-CoT | 47.60,5 55 55701459 64105, 55 7267009 |4228,599 6605505 5644:50,  69.68 5 o
g Text 62.53 68.38 77.84 95.57 55.51 75.62 68.56 92.84
K GLM-4.5v [48] | Original-Simple | 42.14 |50 39 51.20 17 15 60821700 7372151 55 | 3902 1649 6267 15,95 53.10 5.6 74341550
S Original-CoT | 45905 76 55.0915 59 6491, o9 73041055 [4234,5 50 6692, 05 5748, 55 7243, ¢
Text 67.95 72.45 81.78 97.34 60.76 78.64 73.47 95.61
Kimi-VL [46] | Original-Simple | 38.20 50 75 47.17 55 08 55.14 56 64 7038 06 05 | 3207 55 60 547205 90 4493 55 54 69.85 05 76
Original-CoT | 4236., 15 50.94;5 77  58.68.55, 68.66,; 1o | 426311056 6424195 5575.,0.80 69.03,0 ¢,
Text 54.92 62.59 72.26 87.26 46.15 71.22 62.51 83.70
Doubao-1.6-v [17] | Original-Simple | 39.29 15 g5 497315 55 5929 1597 6980 17 45 | 3431 11 50 6194 g 05 5150, o1 7099 15 7,
Original-CoT | 41.61,5 50 51094, 56 61.3205 05 7152, 7o [ 369855 57 6447555 542605 6 7198, 99

Table 3. End-to-End translation performance on digital-born (Original) documents. We quantify the performance gap between a model’s
pure text translation capability (Text-only baseline) and its end-to-end performance on document images. It further compares a Simple
prompting strategy against a CoT approach to evaluate how decoupling perception and translation affects accuracy. Results for the other

six language pairs are detailed in the supplementary material.

ically, our analysis reveals that this complexity can lead to
a more fundamental type of failure: some models, particu-
larly smaller open-source variants, may fail to adhere to the
translation instruction altogether and revert to performing
a simple OCR of the document, as illustrated in Fig. 4(b).
This inability to execute the primary directive demonstrates
that the seamless fusion of visual perception and linguis-
tic translation remains a formidable challenge for current
MLLMs.

4.4. Decoupling Perception and Translation via CoT

To address the instruction-following failures observed
with simple prompts, we implemented a Chain-of-Thought
(CoT) prompting strategy. This approach improves in-
struction adherence by explicitly decoupling the complex
task into two simpler, sequential steps (first extracting the
text and then translating it) while preserving an end-to-
end workflow. As illustrated in Fig. 4(c), this method suc-
cessfully corrects the aforementioned failure mode, guid-
ing the model to produce the correct translation in cases
where a simple prompt would fail. The data in Tab. 3 con-

firms the efficacy of this strategy, showing consistent per-
formance recovery across all evaluated models and metrics.
For instance, with the CoT strategy, GLM-4.5v’s En-Zh
BLEU score improves from 42.14 to 45.90, and InternVL3-
2B’s Zh-En chrF score increases dramatically from 11.63 to
46.01. This significant improvement strongly suggests that
many of the errors in the direct end-to-end approach stem
from the model’s difficulty in simultaneously performing
recognition and translation.

However, the CoT strategy is not a panacea, as a con-
siderable performance gap persists when compared to the
text-only baseline, indicating a ceiling on its effectiveness.
Beyond this performance ceiling, the CoT strategy also in-
troduces practical limitations. First, its two-step instruction
is less intuitive and does not align with how a typical user
might naturally formulate a request. Second, this approach
incurs significant token overhead, as the model generates
the entire document’s content in the source language as an
intermediate step before providing the final translation.



Model | Input | En-Zh Zh-En
\ | BLEU chrF METEOR  STEDS BLEU chrF METEOR  STEDS
Gemini2.5-Pro [ 10] | PhOwgraphed-Simple | 4372, 5 377,005 6368100 71821005 | 3288508 6295150 S224y550 634254
Photographed-CoT | 43.88,0 55 53.88,0 05 6406, oo  75.18:0 15 | 3489795 6159505 518899 70.26,5 1,

Photographed-Simple

-VL- 2
Qwen-VL-Max [2] ‘ Photographed-CoT

3744 1016 46765 94

5499 9,11

6824 4 43 3064 1, 64 54881107 44431501 64165 5,

Photographed-Simple

LM-4.5v [48
G Sl ‘ Photographed-CoT

37485 40 46725 37

27'53L1.‘§.51 37'25L1.‘§.5($ 43'81L15.9U 6902¢574 ‘ 2181¢l448 45‘93¢15.l() 34‘44¢15.9(i 64‘96v($.72
31'03¢11.11 41'02¢10.18 47'41‘L13~11 71'21‘L2v51 ‘

54391050 70945 50

24821400 46421605 3745 1565 0044390
2988 15,46 53719301 44151535 62.60 4 g5

Kimi-VL [46]

9.16 129.04 15'97L31.20 20‘51L34.63 49‘05L21.33

915 9000 2777 56,095 18525641 50991556

Photographed-Simple
Photographed-CoT 12~07¢:51).29 19~17¢31.77 23~46¢35.22 52-42¢1r;.24 15-78@(;.55 34-88@9.:5(; 26-49@9.2(; 49-07V19.%
Doubao-1.6-v [17] Photographed-Simple | 35.36 5 g5 46.47 5 56 53.60 5 g9 66.46 | 5 34 26887 43 53.62 5 30 4258 5 90 63.27 7 75
’ Photographed-CoT | 39.61 5 ¢ 49.61 1 45 57885 44 66.70 4 g 2991 7 o7 56527 95 4597 599 63.53 5 45

Table 4. Impact of photographic distortions on end-to-end translation. We quantify the performance degradation caused by real-world
visual distortions by directly comparing model performance on Photographed captures against the Original digital baseline. The subscript
values indicate the performance change relative to the Original baseline, which is detailed in Tab. 3.

4.5. Translation Collapse on Photographs

The challenges of end-to-end translation are severely ex-
acerbated when models process real-world photographed
documents. As detailed in Tab. 4, the presence of authen-
tic visual distortions, such as geometric warping and un-
even lighting, causes an average decline of 12% on BLEU
score. This performance collapse is particularly signifi-
cant because it occurs with both simple and CoT prompting
methods, indicating that poor image quality, rather than the
prompting strategy, is the primary bottleneck.

This degradation is pervasive across all evaluated mod-
els. For instance, under a CoT prompt, Qwen-VL-Max’s
En-Zh BLEU score drops from 47.60 to 37.44, while Kimi-
VL’s score plummets from 42.63 to a near-unusable 15.78
(Tab. 4). This failure mode is consistent with our earlier
parsing analysis: visual artifacts severely degrade parsing
quality, creating a corrupted and unreliable textual founda-
tion for the subsequent translation task. This finding con-
firms that poor image quality is the fundamental bottleneck,
compromising the robustness of these end-to-end systems
and casting significant doubt on their viability for uncon-
trolled, real-world applications.

4.6. Dual Bottlenecks for Document Translation

Our final analysis reveals a strong positive correlation
between an MLLM’s document parsing capabilities and
its translation performance, as models with superior pars-
ing abilities consistently deliver higher-quality translations.
This dependency stems from the cascading nature of errors:
inaccuracies in the parsing stage propagate and degrade the
final translation. The challenge posed by photographed doc-
uments starkly exemplifies this phenomenon, as the visual
artifacts in these images create a perceptual bottleneck, im-
peding the model’s ability to accurately parse the document,
which in turn degrades the quality of the translation.

Nevertheless, this relationship is also shaped by a

() (b) (©

Figure 4. Visualization of Qwen3-VL-4B end-to-end translation
results on DocPTBench. (a) shows the document image input. (b)
illustrates a failure case where using a simple prompt causes the
model to only perform OCR without translating. (c) demonstrates
that the CoT prompt successfully rectifies this failure, guiding the
model to produce the correct translation.

model’s intrinsic linguistic capabilities. The Doubao-Seed-
1.6-vision model provides a compelling case study. De-
spite achieving strong document parsing scores, this model
delivers only modest end-to-end translation quality. The
reason for this discrepancy lies in its core translation en-
gine; its performance on text-only translation tasks is sig-
nificantly weaker than that of other leading models. This
example demonstrates that end-to-end translation quality is
governed by a dual bottleneck: the parsing accuracy of the
vision component and the translation proficiency of the lan-
guage component. Consequently, while substandard pars-
ing inevitably compromises translation output, even flaw-
less parsing cannot compensate for an inferior underlying
translation engine.

5. Conclusion

This paper introduces DocPTBench, the first benchmark
for end-to-end document parsing and translation on pho-



tographed images. It contains over 1,300 meticulously la-
beled images and aims to address a critical gap in evaluating
document AI models under real-world conditions. DocPT-
Bench enables the systematic and fair assessment of leading
models against realistic visual distortions, providing crucial
insights into their performance limitations beyond pristine,
digital-born documents. By open-sourcing DocPTBench as
a crucial resource for the community, we hope it will cat-
alyze research into more resilient and accurate models for
real-world scenarios, ultimately bridging the gap between
laboratory performance and practical applicability.
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DocPTBench: Benchmarking End-to-End Photographed Document Parsing and
Translation

Supplementary Material

6. Overview

In this supplementary material, we provide a comprehen-
sive evaluation of the DocPTBench benchmark. Sec. 7 de-
tails the document parsing task, offering an in-depth quan-
titative analysis of the full model suite. Sec. 8 extends
the document translation analysis to six additional language
pairs (En-De/Fr/Ru and Zh-De/Fr/Ru), with a specific focus
on the modality gap and the impact of prompting strategies
across all languages. We also offer qualitative visualization
cases to facilitate a better understanding of our work.

7. Document Parsing

Tab. 5 presents the complete benchmarking results for
all 18 evaluated systems, including additional Expert Mod-
els (Dolphin [16], olmOCR [41], OCRFlux [6], Smol-
Docling [34], Nanonets [30]) and the large-scale General
MLLM (Qwen2.5-VL-72B [3]).

7.1. Vulnerability to Photographic Distortion

The expanded results reveal a severe lack of robustness
across both specialized document parsing models and gen-
eral MLLMs when facing real-world geometric distortions.
For instance, SmolDocling’s Overall Edit Score (En) deteri-
orates catastrophically from 49.3 to 90.1, and Dolphin drops
from 20.5 to 57.5. General MLLMs are also not immune to
this trend. Despite their massive pre-training, models like
Qwen2.5-VL-72B [3] and Kimi-VL [46] experience sig-
nificant degradations, with their scores worsening by 20.1
and 33.1 points, respectively. While Gemini2.5-Pro [10]
shows relative resilience (dropping only 3.4 points), the
widespread decline confirms that most current architec-
tures, whether specialized for OCR or general-purpose,
remain fundamentally brittle when processing curved or
perspective-distorted text.

7.2. Critical Role of Unwarping

The results on the Unwarping set provide strong empir-
ical evidence for the necessity of geometric rectification.
Across almost all expert models, unwarping significantly
restores performance. Dolphin [16] recovers its Overall
Edit Score (En) from 57.5 to 27.3, and OCRFlux [6] sees its
Table TEDS score (En) rebound from 49.5 to 68.1. How-
ever, the recovery is rarely complete, and a performance
gap remains compared to the Original set (e.g., DeepSeek-
OCR [56] is still 8.7 points worse on Unwarping than Origi-
nal). This residual gap indicates that while unwarping fixes

layout issues, it cannot fully compensate for photometric
degradations like blur and uneven lighting.

7.3. Qualitative Visualizations

Fig. 6 to Fig. 18 visualize the parsing outputs of different
models under varying evaluation conditions. These exam-
ples corroborate our quantitative findings that expert models
frequently miss entire text blocks or scramble the reading
order due to page curvature. Furthermore, flattening the im-
age rectifies most layout errors, though artifacts like motion
blur continue to cause character-level recognition errors.

8. Document Translation

The specific prompts utilized in our experiments are
illustrated in Fig. 5. We extend our evaluation to En-
De/Fr/Ru and Zh-De/Fr/Ru language pairs. Detailed met-
rics are provided in Tab. 6, 7, and 8.

8.1. Modality Gap Across Languages

A consistent modality gap is observed across all lan-
guage pairs. Comparing the Text baseline with Original-
Simple, performance drops universally. For instance, in the
En-Fr translation task (Tab. 7), Qwen-VL-Max’s [2] BLEU
score drops from 68.65 to 46.02. In the En-Ru translation
task (Tab. 8), InternVL3-2B [63] fails almost completely,
with its BLEU score dropping from 37.09 to 8.15, indicat-
ing that low-resource scripts exacerbate more wchallenges.

8.2. Efficacy of Chain-of-Thought Prompting

Our results demonstrate that the CoT strategy, which ex-
plicitly instructs the model to perform OCR before trans-
lation, is a robust mechanism for mitigating the modality
gap. In Tab. 7, Qwen3-VL-4B [42] improves its En-Fr
BLEU score by +5.47 points using CoT. Similarly, in Tab. 6,
InternVL3.5-2B [53] sees a +7.03 BLEU gain on En-De.

8.3. Qualitative Visualizations

Fig. 19 to Fig. 22 showcase the translation outputs across
various language pairs, demonstrating the models’ ability to
handle diverse scripts and complex layouts. Furthermore,
Fig. 23 to Fig. 26 explicitly contrast model performance on
digital-born documents versus photographed images. While
models often maintain semantic accuracy on clean inputs,
photographic artifacts can lead to hallucinations, omitted
text, or layout misalignment, reinforcing the quantitative
performance drops observed in our benchmarks.



OverallEditt Text®ditd Formula®ditv Table TEDST TablePditd Read Order®dity
Type Model Scene
En Zh En Zh En Zh En Zh En Zh En Zh
Original 10.5 12.6 4.1 6.2 24.1 31.6 88.0 92.1 9.3 6.2 45 6.3
PaddleOCR-VL [11] Photographed 37.5 57 ¢ 39.6 57 294 55 5 37.7 51 5 46.5 55 4 52.6 51 o 54235 5 653 56 5 444 55 1 314 55 5 28.8 54 5 379,31 ¢
Unwarping 157,51 5 22.0417 6 94 120.0 17.6420.1 3084157 415111 1 829,55 7 83.2417 9 1394505 135,179 87 1001 1544055
Original 11.1 17.4 5.0 7.4 25.8 473 88.3 89.2 8.9 8.3 45 6.8
MinerU2.5 [35] Phologr'flphed 373 26.2 474 50.0 370 55,0 53.6 46,0 44.3 15,5 62.0 14 7 549 35 4 598 59 4 38.9 50,0 33.5 252 29.0, 04 5 40.3 33 5
Unwarping  17.3,50 ¢ 2524055 13.1403.9 19.0454 5 31.9415 4 52249 5 792454 5 81115, 5 157155 5 ]4'6T18.&) 83 1207 1504253
Original 12.5 16.0 32 6.6 329 41.6 88.6 89.0 9.9 9.2 4.0 6.7
dots.ocr [43] Photographed 33.7 51 5 37.3 51 5 29.8 56,6 358,29, 39255 544155 637 549 67.6 57 4 33.0 55 1 27.1 17 9 32.8 95 5 31.8 05
Unwarping 163117 4 24.1515 5 83 4515 209,149 32247 o 420475 4 8024165 8235147 1694151 1464155 7.9 1049 1894109
Original 14.6 22.1 6.8 11.8 272 452 81.3 85.5 14.9 13.4 9.3 17.9
MonkeyOCR [21] Photographed 46.4 | 5, g 52.8 50 7 34.5 57 7 43.9 55 1 48.7 51 5 61.6) 164 33.1 45 5 374 45 1 645,496 61.5 451 379 05 6 44.1 96 >
Unwarping  18.8.57 5 31.9450.9 12.5:05 0 23.6400.5 3214166 558455 7724441 7714507 172447 5 19.5140 0 135404 4 287415 4
i) Original 20.5 31.3 9.2 20.4 44.7 60.6 76.1 66.9 19.3 28.2 8.8 11.6
§ Dolphin [16] Photogr'faphed 57.5 57,0 71.540.2 549 45,7 T1.5 511 65.6 50,9 82.8 555 33.0 451 193 47,6 679 45,6 739457 462 37 4 577 461
= Unwarping  27.3430.5 45.5126.0 17.9137.0 3691346 4831173 75.147 7 638150 5 48.6109 5 292435 7 42.5131 4 139432 5 2731304
g Original 32.6 46.9 9.7 29.3 455 65.5 68.1 61.3 60.8 65.2 14.5 27.7
3 olmOCR [41] Photographed 39.1 5 5 46.1,55 193,96 272/51 507,55 6691 4 565 11656944 65645 660 55 207 55 2445,
Unwarping  31.4,; ; 43.1,50 96 g7 237,55 4004107 613,56 658,93 637,55 627,54 633457 134,75 239., 5
Original 23.8 34.9 11.2 25.6 447 71.6 69.0 80.0 26.9 16.2 12.6 26.3
OCRFlux [6] Photographed 36.2 15 4 45810 9 30.4 19 5 404 14 5 484 57 8Ll g5 495195543 557297 55 297 155225,99 321554
Unwarping  23.6115 6 379179 1181156 2971107 425159 737474 0814156 7274184 276451 20845 9 127495 27344 g
Original 49.3 81.6 26.2 82.8 75.3 99.7 16.5 7.3 90.8 92.7 22.7 522
SmolDocling [34] Photographed 90.1 4.5 93.7 15,1 89.8 63,6 992 16.4 99-6124.3 999 0.0 44,101 24,49 984,45 B8 51 727500 759 23,7
Unwarping  65.2454 9 92819 4564445 97941 5 928,55 997100 2594015 17,07 900454 100.0;, 5 38.6,54 ¢ 74.64; 3
Original 28.3 29.5 134 23.1 51.8 54.6 76.8 79.4 34.3 20.1 13.5 20.0
Nanonets-OCR [30]  Photographed 38.6 1 5 52.1 55 6 21.07 ¢ 42.0 159 48.145.7 67.0 15 4 58.5 155 50.6 55 5 64.1 59 5 66.7 456 214,79 327 45 7
Unwarping  32.045. 6 4444, 7 1324, 5 3024, 5 426,55 65641 4 599:1 4 598,95 561,35 5614106 14417 25647,
Original 13.4 18.1 4.6 9.7 28.5 433 82.6 89.0 13.8 8.8 6.7 10.5
DeepSeek-OCR [56] Photographed 54.4V41_0 57,8¢39_7 56.7¢52>] 57'6i47-9 54.4”;)‘9 74'l¢30.8 28<0¢54A6 35'4i53-6 64.750‘9 59.2“,0_4 41'7i35-0 40'4i29-9
Unwarping  22.1,35 5 33.5054 3 149441 5 294405 5 32.1455 5 58.8; 15 5 67.0439 ¢ 7581404 26.7135.0 209455 3 14.8,56. 9 24.9,15 5
Original 16.1 26.7 4.8 18.5 39.2 54.3 83.7 78.5 12.3 16.5 8.1 17.4
olmOCR?2 [41] Photographed 27.8 1 7 44.6 17 9 22.0 17 5 39.9 5, 4 44.6 5 4 741,195 67.6 151 654 15 246 153285 15 199,11 5360556
Unwarping  17.54, 3 37247 4 t1a.7 329470 375570 667574 8194143 772401 5 1434103 191594 110459 302455
Original 26.6 349 19.4 343 60.0 68.0 81.5 82.5 15.5 17.9 11.6 19.4
Nanonets-OCR2 [30] Phologr'flphed 342 ;6 46.1 11925551 446,103 690,90 76454 707 105660 165228 75 319,140 195,79 3145,
Unwarping  30.645 5 40046 211444 326495653157 773,09 719415 73147 248 50 185:15.4 175:55 25265
Original 214 26.1 9.2 18.0 31.5 434 82.9 83.9 34.1 26.2 10.6 16.8
Qwen2.5-VL-72B [3] Photographed 41.5 5 1 57.0 30 9 36.2 57 ¢ 56.6 55 6 42.210.7 61.8 154 57.0 55 9 55.5 55 4 596 55 5 58.2 35 ¢ 28.1 17 5 51.3 34 5
Unwarping  24.0417 5 414,15 ¢ 11.1iog 1 427505, 299410 3 484,13 4 774,504 76.1450.6 42.7116.0 34940553 1234155 3974116
Original 14.8 21.2 55 16.8 35.6 439 85.8 86.4 13.0 11.9 49 12.1
Gemini2.5-Pro [10] ~ Photographed 18.2 5 , 3049, 98 |, 5 27710937115 56815981345 82955 146,45 137, 5 112,55 236,45
ﬁ Unwarping  16.94, 3 273151 92 196 208469 353415 57005 83445, 859:3( 1314, 5 11849 1005, 5 19845
[
= Original 22.5 29.3 16.2 27.6 31.2 472 66.6 76.3 319 24.5 10.8 17.9
E Doubao-1.6-v [17]  Photographed 54.7 35 5 55.4 551 60.6 44 4 58.2 50,6 51.550.3 61.1 13,9 27.6 39,0 37.9 35 4 67.0 55 1 61.9 57 4 39.7 55 9 40.2 95 3
= a 1 . . . . .
a Unwarping  30.0454 7 42‘5T12-9 23.8,36.8 41'8T16.4 34-5T17.0 56-4¢4.7 54772& 1 608'{22.9 ‘9T22.1 42~4¢ 19.5 16-7¢23.0 29-5r10.7
=
3 Original 16.6 26.5 52 20.5 329 44.0 84.2 86.7 22.0 23.7 6.5 17.7
Qwen-VL-Max [2] ~ Photographed 27.7 11 1 42.7 160 159 10,7 41.5 510 41.8, 5.9 5721530 711 151 716 151 363 14 5 38.0 14 53 168,14 3 344 16 7
Unwarping  19.015 7 32.64¢ to.1 320494 338450 485457 8131105 83.3411.7 26549 5 2201160 90 475 278466
Original 255 32.0 16.1 27.7 43.8 51.8 74.0 774 26.9 30.5 15.4 17.9
GLM-4.5v [48] Photogrfiphed 36.7,11.2 496176262 101 47750049961 662|144 589 151 540,05 4 435,166 490 155273119357 175
Unwarping  23.9,15 5 369415 7 13.1415.1 37.7410.0 39.0410.9 53.5110.7 7384149 756001 6 269416.6 28.7120.3 1651105 277450
Original 36.5 38.7 17.2 22.0 48.6 522 57.1 67.8 65.9 62.5 14.3 18.1
Kimi-VL [46] Photographed 69.6 55 | 68.7 50 o 66.0 45 5 63.5, 41 5 75.5 569 82.6,30.4 16440 7 229 44 g 85419 5 822 19 7 51.6 57 5 46.7 95 ¢
Unwarping 411555 5 507415 o 26.3139. 7 38.5425 0 504455 1 68.8413 g 554139 ¢ 623139 4 654450 ¢ 65.0117 5 221459 5 307416

Table 5. Comprehensive benchmarking of document parsing performance on DocPTBench. This table presents the full results for all spe-
cialized Expert Models and General MLLMs evaluated in our study. It contrasts model accuracy on three document types: pristine Original
documents, Photographed images with real-world distortions, and geometrically corrected Unwarping images. The results quantify the per-
formance degradation caused by photographic artifacts (subscript values next to Photographed scores) and the partial recovery achieved
through unwarping (subscript values next to Unwarping scores). Lower Edit scores and higher TEDS scores indicate better performance.



SYSTEM_PROMPT = """You are a professional document translator. ‘@YSTEMJ,ROMPT B

Task: Translate the provided Chinese Markdown into a high-fidelity English Markdown. Task: First OCR and reconstruct the readable Chinese Markdown from the whole document image. Then produce a

high-fidelity English Markdown translation.
Output format (STRICT):

Return EXACTLY one fenced block, and nothing else: Output format (STRICT):

<english_md> Return EXACTLY two fenced blocks, in this order, and nothing else
the English Markdown translation. <chinese_md>

<Jenglish_md> the Chinese Markdown reconstruction,

<lchinese_md>

Translation rules: <english_md>

- You MUST translate all Chinese narrative text into fluent, professional English. ) the Ecghah Markdown tramsiation™s
- NO Chinese characters should remain in the <english_md> block, except within code blocks, URLS, or other elements that naturally contain them. <lenglish_md>

- Preserve structure: headings (##), lsts, blockquotes (>, tables, horizontal rules, references, footnotes. -

- Keep code blocks (... ), inline code ("..."), and URLs/emails/IDs unchanged. Formulas (LaTeX ONLY):

- Formulas (LaTeX): Detect and preserve LaTeX formulas like $5...85 or S...S. Inside formulas, translate ONLY human words within \ltext{...} (e.g. - Deteot ANY,formula/ecuation aad representit in LaTeX

\text (15(8) — \text{Mean}); keep all math symbols, variables, and units intact. - Wrap EVERY formula in display math delimiters: $5 ... $S (use display math even if the source looked inline).
- Tables: Preserve the Markdown table structure. Translate only the narrative text within cells.  Inside $5..55, DO NOT alter symbols/operators/variables/umbers/units.

- Hyperlinks/Images: For [text](url)', translate the visible "text® but keep the "url" unchanged.
- Do not add or omit content. Your translation should be a faithful representation of the source document's structure and meaning.
- Return ONLY the <english_md> block. Do not include explanations or any other text outside this block.

- In <chinese_md=>, keep any human words in formulas as Chinese (e.g., \\text {¥{E}).
- In <english_md>, translate ONLY human words inside formulas with \\text{...} (e.g.. \text{Mean}); keep math intact.

: c . Tables (keep Markdown):
L AR = BT o o e gl gl s 2 G T ~Keep ALL tables as Markdown tables with the same colurun count,pipes |, alignment markers, and row structure.

- Translate only narrative text in cells; do NOT convert tables to LaTeX.

(a) Other structure (preserve):

- Paragraphs, blank lines, lists (ordered/unordered), task lists (- [ 1/~ [x]).
blockquotes (>), horizontal rules, footnotes/references, anchors/IDs, figure numbers and captions.

SYSTEM_PROMPT = ""You are a professional document translator. - Hyperlinks/images: translate visible text (alt/title) ONLY keep URLS and reference labels unchanged.
Task: Translate the content of the document image directly into high-fidelity English Markdown. Do-not-translate / protect:
- Code: fenced blocks *"*..."" (with language) and inline *..." (copy as-is).
Output format (STRICT): - URLs/emails/paths/domains ids/hashes and link reference labels ([ref-id]:),
Retum EXACTLY one fenced block, and nothing else: - Stable product/brand/model names commonly written in English (e.g., “GitHub”, “ResNet-50).
<english_md> - Template variables/placeholders: {var}, { {handlebars} }, <PLACEHOLDER>, %s, {0}, SENV_VAR.
..the English Markdown translation...
<fenglish_md> English style:
- Fluent, professional English for narrative text; use standard English punctuation in prose.

Translation Rules: - NEVER change punctuation inside code, LaTeX math, or URLS.
- Formulas (LaTeX ONLY): Detect and represent any formula/equation in LaTeX, wrapped in display math delimiters: $5 .. 5. Inside the
delimiters, translate only human words with \\text{...} (e.g., \text{¥{8} — \itext{Mean}). Quality checks BEFORE finalizing:
- Tables (Markdown): Preserve Markdown tables. Translate only narrative text in cells. - <chinese_md> is Chinese-only, with all formulas as SS...5$ LaTeX.
- Structure: Preserve all structural elements like paragraphs, lists, blockquotes, etc. - <english_md> translates narrative text; formulas use the same $$...8$ LaTeX with only \\text{...} translated.
- Do-not-translate: Keep code (..."), URLS, emails, and stable English names (c.g., "GitHub") as is. - ANY formula/equation is represented in LaTeX.
- English Style: Use fluent, professional English with standard punctuation. - No added/omitted content; structure renders correctly.
- Quality Check: Ensure the output is a single, complete, and accurate English Markdown block. Do not add any explanations or extra content. - Output ONLY the two blocks. No explanations or reasoning."""
USER_INSTRUCTION = ( USER_INSTRUCTION = (

"Translate the document image directly into English Markdown. " "Reconstruct and translate the document image as specified. "

"Return ONLY the <english_md>...</english_md> block as specified." “Return ONLY the two blocks: <chinese_md>...</chinese_md> and <english_md>...</english_md>."

) ) J
(b) (c)

Figure 5. Illustration of the prompting strategies employed in our document translation experiments. (a) Text Prompt: Used for the text-
only machine translation baseline. (b) Simple Prompt: Direct instruction for end-to-end visual document translation. (c) CoT Prompt: A
Chain-of-Thought approach that explicitly instructs the model to perform OCR recognition prior to translation to mitigate modality gaps.

Type ‘ Model ‘ Input ‘ En-De Zh-De
| | | BLEU chrF METEOR  STEDS | BLEU chrF METEOR  STEDS
Text 54.13 75.02 65.53 95.65 35.66 62.25 49.36 93.14
Qwen3-VL-4B [42] | Original-Simple | 34.13 54 o 574917 53 444651 o7 68.00 57 g5 | 17.67 17 99 35655660 2641 2595 68.36 04 75
Original-CoT | 17.04 17 o9 38921557 2805 541 4762 5035 | 25514754 53.09417 44 3767411 26 69.04: g5
§ Text 47.52 69.21 56.78 87.48 27.14 52.18 37.92 84.59
H Qwen2.5-VL-3B [3] | Original-Simple | 22.07 55 45 44.05 55 16 31.22 05 56 59.16 55 30 | 10.84 15 50 2498 57 09 1674 57 15 54.67 59 9o
(g Original-CoT | 17.31 4 76 39354 70 2807315 4824 14595 | 11135059 277145 75 191345 59 49.18 5 49
P
on. Text 41.56 60.87 49.95 90.46 18.30 34.53 25.38 76.81
InternVL3-2B [63] Original-Simple | 9.12 132.44 24.96¢35_91 1 l.90¢38_05 54~68¢35.78 4.81 113.49 9.99 124.54 7.86 117.52 54~6]L22,20
Original-CoT | 13.56,4 44 364211 46 2331411 41 52671501 | 767 4556 2645:16.46 14701654 53491 15
Text 45.06 63.01 52.78 94.67 25.61 45.05 32.77 90.00
InternVL3.5-2B [53] | Original-Simple | 15.70 59 36 3523 57 75 19753305 6357 5110 | 811 1750 12.63 55 40 1044 55 55 6598 54 0o
Original-CoT | 22.73,7 o5 48.16415 95 35.05:15 50 62.84, 73 126144 50 322941966 19731909 6119 4 79
Text 62.48 79.68 72.10 97.15 41.32 67.34 55.28 92.54
Qwen-VL-Max [2] | Original-Simple | 40.54 5 o4 67.77 11 91 5351 1559 70.78 96 57 | 26.03 1509 553511 99 3888 1640 7089 51 5
Original-CoT | 42.031; 49  68.53;0 75 558245 3 69.11 1 67 | 291145 05 59.2645 o4 427153 55 69711 13
3
E Text 62.75 79.95 72.27 97.61 39.12 64.94 52.96 92.36
3 GLM-4.5v [48] Original-Simple | 41.50 51 o5  67.88 15 o7 54851745 73.65)55 g6 | 21.11 15,01 40.70 54 54 30.87 95 g9 72.63 19 73
2 Original-CoT | 43.63,5 15  70.02,5 14 57031515 72313 34 | 28741765 58281755 42421 55 72774014
172
8 Text 61.19 78.09 70.89 95.31 40.26 64.03 53.42 93.29
Kimi-VL [46] Original-Simple | 30.31 34 55 56.60| 51 49 42.65 55 54 6567 09 64 | 1873 51 55 4249 5 54 2814 55 55 683054 g9
Original-CoT | 36.65,5 34  63.05:5 .45 49.89,7 5,  67.8615 19 | 26845 14 5411401 60 3888411074 69124 5o
Text 57.42 77.76 68.20 86.37 35.36 64.60 50.25 81.72
Doubao-1.6-v [17] | Original-Simple | 39.85 17 57 6859 17 54131407 6971 1666 | 24731065 57421718 3979,10.46 6997 11.75
Original-CoT | 41.24, 59 6884, 55 5459546 707971 05 | 276445 o1 594715 05 425445 75 T2.8845 o4

Table 6. End-to-end translation performance for En-De and Zh-De on digital-born (Original) documents. This table quantifies the per-
formance gap between a model’s pure text translation capability and its end-to-end performance on document images, as well as the
improvements yielded by Chain-of-Thought (CoT) prompting.



Type ‘ Model Input ‘ En-Fr Zh-Fr
‘ ‘ BLEU chrF METEOR STEDS ‘ BLEU chrF METEOR STEDS
Text 61.27 79.14 71.71 96.50 42.28 66.86 56.36 95.11
Qwen3-VL-4B [42] | Original-Simple | 38.87 55 4o 61.33 17 51 49.35 9536 67.58 0590 | 211851 19 38.66 05 59 3115 95 51 69.60 55 51
Original-CoT | 44.34,5 4 66.69.5 556  5575,6.40 68.1410 56 | 321341095 579241906 45461431 7094, 54
§ Text 54.71 73.12 63.83 85.19 14.31 28.39 13.29 85.83
£ | Qwen25-VL-3B [3] | Original-Simple | 2338, 55 4476 05 55 305555 05 61.06,5, 15 | 1079 5 50 21746 55 16935 5, 5885, 0
% Original-CoT | 21.04,5 5, 4159, 17 3233, 5 4980, o5 | 126911 00 28671605 21614 cs 4986 5 o0
P
g Text 45.13 63.23 51.56 86.69 16.37 27.19 23.39 71.20
InternVL3-2B [63] | Original-Simple | 9.74 |5 4o 28975406 146,50 10 60.10,50 5 | 452 |11 a5 808 1011 657 Ligas 58921506
Original-CoT | 1325, 5, 359,55, 205610 1o 5476,5 5, | 10805 0 3186105 15 20861, 09 56.35,5 or
Text 54.13 71.52 62.29 95.59 31.80 53.13 42.61 91.35
InternVL3.5-2B [53] | Original-Simple | 17.27 5 5 399251 60 212841 01 65.69,50 00 | 8:65 o515 1344 50 0o 108251 70 67.09,5, o5
Original-CoT | 2872, 10 5351,15 g 416050 55 6410, oo | 16894 0, 4006106 0o 2771115 g0 6240, 4 oo
Text 68.65 83.22 76.51 97.29 47.65 70.84 61.27 94.84
Qwen-VL-Max [2] | Original-Simple | 460205 g5 70.58, 15 61 5848, 15 05 7037 06 05 | 3232, 15 55 596211 00 459715 50 7112 05 15
Original-CoT | 48.88., o5 7245, o7 62175 0o 68.00,5 57 | 37051, 5 64111, 1o SLA8. ., 70.54, o
)
E Text 71.14 84.60 78.60 97.21 48.38 70.83 62.01 93.95
S | GLM45Sv[48] | Original-Simple | 49.69,,, 15 7287 11 75 6170, 1600 7290 55 51 | 2587100 51 4381 07 00 35565645 73515044
3 Original-CoT | 51.89.5 59 750915 05 64495 7o 72950 05 | 354910 0o 62431 4 6o 50391, e 7252, 00
5 Text 71.47 84.01 79.26 97.04 49.19 70.51 63.19 96.39
Kimi-VL [46] | Original-Simple | 36.63, 5, o4 6091 05 10 493150 05 6671 50 55 | 2446 54 75 4870 5, o1 3641 55 74 6848, 57 o,
Original-CoT | 45.25,5 4» 67.89.6 05 572347 9o 68.1411 43 35.28,10.52 60.82415 15 t10.00  11.0145 54
Text 65.06 82.32 75.37 88.29 42.37 68.81 58.59 83.11
Doubao-1.6-v [17] | Original-Simple | 46.28 ¢ -x 7198155, 5984, 15 55 7087 1, 4o | 3148, 1060 6201 640 48591000 709215 1o
Original-CoT | 46.59.( 5, 7158,0.40  59.95.0 1, 6987, 00 | 342015 0 6363, oo 5046, or 72631, .,

Table 7. End-to-end translation performance for En-Fr and Zh-Fr on digital-born (Original) documents. This table quantifies the per-
formance gap between a model’s pure text translation capability and its end-to-end performance on document images, as well as the
improvements yielded by Chain-of-Thought (CoT) prompting.

Type ‘ Model Input ‘ En-Ru Zh-Ru
‘ BLEU chrF METEOR STEDS ‘ BLEU chrF METEOR STEDS
Text 51.65 71.66 63.19 96.10 35.96 60.03 49.04 92.07
Qwen3-VL-4B [42] | Original-Simple | 31.78 19 g7 48.67 55 g9 40.87 55 35 66.66 59 44 | 214014 56 4298 17 05 30.63 1541 6565 56 45
Original-CoT | 36541, 76 58.881 1001 4784507 677111 05 | 26511511 52071909 37197656  68.0815 15
§ Text 42.28 60.68 50.01 85.57 26.94 48.58 35.55 82.86
2 | Qwen25-VL-3B [3] | Original-Simple | 1623 06 05 2588, 3550 20.66 50 55 55285000 | 1037, 1657 2399 54 50 15530005 524430 40
4 Original-CoT | 165410 5, 35610975  2627.5.1  4977,541 | 10450 08 24571056 16671 14 472350,
@
S‘ Text 37.09 51.06 42.39 83.92 16.57 29.06 21.80 69.09
InternVL3-2B [63] | Original-Simple | 8.15 15504 911 L4105 723 5516 3903,0450 | 505 11150 697 19000 670 [1510 36331576
Original-CoT | 4.67 1545 1105010, 799 1g76 4629 15 74 | 695 1100 220901515 121005 1 4899/, 4,
Text 3247 31.08 31.68 94.63 16.93 11.17 15.32 87.96
InternVL3.5-2B [53] | Original-Simple | 13.16, 19 5, 14731655 1358,1510 64920071 | .11 160 826 5g1 810 |70 6416 05 50
Original-CoT | 14.0110 55 23.7519.00 18571400 6422070 | 975 1060 17981975 12561, 16  359.18), o5
Text 60.59 77.25 70.04 97.25 42.64 65.64 55.19 91.62
Qwen-VL-Max [2] | Original-Simple | 36.18, 54 11 59931750 48335 51 60 70.65,06.60 | 2747 15 17 54721002 39111608 70.32,51 50
Original-CoT | 40.08,5 09  65.5815 65  53.6415 20 6833 040 | 3071150, 5803154, 43490, 55  69.05,; o7
@
E Text 59.71 76.51 69.41 96.08 42.45 65.67 55.38 92.19
g GLM-4.5v [48] | Original-Simple | 37.31 |55 4o 58.54;17.07 4884,50 57 7279 05 50 | 22055050 4090 55 77 30.80 5, 5 7126 50 a5
; Original-CoT | 41.45,, 14 A245 58 55014507 7251 508 | 28454540  56.044,5 14 41364056 68.13 5 5
5 Text 55.60 70.75 64.51 96.37 39.72 61.49 51.07 93.41
Kimi-VL [46] | Original-Simple | 27.07 55 55 49.63,51 15 37355716 6748 55 5o | 1688 00 51 3889 05 60 24150600 656857 75
Original-CoT | 321415 0 5707174, 4433508 687151 05 | 25471550 511901550 358651, 71 683415 o
Text 50.35 72.64 61.69 81.70 32.57 60.88 46.74 78.10
Doubao-1.6-v [17] | Original-Simple | 34.03 |16 50 6295, g0 4742 14 57 686015 10 | 2182, 1075 53.54,75,  3548,11 06 6917 5 05
Original-CoT | 37.6315.60 64820, 57 51770445 700651 15 | 26081406 553581504 3982044, 712375 g

Table 8. End-to-end translation performance for En-Ru and Zh-Ru on digital-born (Original) documents. This table quantifies the per-
formance gap between a model’s pure text translation capability and its end-to-end performance on document images, as well as the
improvements yielded by Chain-of-Thought (CoT) prompting.
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Figure 6. Qualitative visualization of PaddleOCR-VL’s output on the Original document
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Figure 7. Qualitative visualization of MinerU2.5’s output on the Original document versus the Photographed and Unwarped versions.
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Figure 10. Qualitative visualization of MinerU2.5’s output on the Original document versus the Photographed and Unwarped versions.
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Figure 11. Qualitative visualization of PaddleOCR-VL’s output on the Original document versus the Photographed and Unwarped versions.
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<english_md>

stolen. His family informed Yang Zhu, who said, “It's not just my family with the sumame Yang: let him curse." Another neighbor, whenever it rained
would drain the accumulated wat /ard into Yang Zhu's home, causing Yang's family to suffer from fith and dampness. When
his family told Yang Zhu, he comforted them, saying, “There are always more sunny, dry days than rainy days.” Over time, the neighbors were
moved by Yang Zhu's forbearance. One year, a group of thieves secretly plotted to rob Yang's family of their valuables. After the neighbors found
out, they voluntariy organized to stand guard at night to protect Yang's home from thieves, saving the Yang family fom this disaster

from his own cou

Forbearance and tolerance are easy 1o talk about, but not easy to practice. This fs because any act of forbearance and tolerance requires a price.
even a painful one. Throughout fite, one often encounters situations where personal interests are infringed upon by others, intentionally or
unintentionally. To cultivate and train good psychological qualities, you must be brave enough to accept the test of forbearance and tolerance. Even
when your emotions are uncontrollable, you must keep your mouth shut and control your mind. A moment of forbearance can resist impatience and
rashness, and control impuisive behavior. If you can be like Chen Xiao and Yang Zhu. finding a reason to balance your own psychology and
persuade yourself, you can resolve the pain of forbearance and become more tolerant and magnanimous.

In it there are many things where if you should forbear, you forbear. I you can yield, you yield

Forbearance and tolerance are not cowardice or timidity, but care and consideration. Forbearance and tolerance are about giving, about dedicating:
they are a Kind of wisdom n life, a magic weapon for establishing good relationships between people.

A person who experiences forbearance once will gain an insight into ife; experiencing tolerance once wil open a door of love.

Tolerance and forbearance are the best remedies for eliminating revenge. If you carry this talisman" with you. it will ensure your lifelong peace.
This is because people who are good at tolerance and forbearance will not be manipulated by the injustices of the world. Even if they are harmed
by others, they will never repay injustice with injustice: the heart o tolerance and forbearance will always

Volume Six: Why Bow Your Head
209
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stolen. His family informed Yang Zhu, who said, It not ike I'm the only one with the sumame Yang. Let him curse.” Another neighibor, whenever it
rained, would drain the accumulated water fom his own courtyard into Yang Zhu's home, leaving Yang's house ity and damp. His family told
Yang Zhu, but he simply placated them, saying, “There are always more dry, sunny days than rainy ones" Over time, the neighbors were moved by
Yang Zhu's forbearance. One year, a band of thieves plotted to f0b Yang's house. Afler the neighbors found out, they voluntarily organized to stand
quard for Yang's family at night, saving them from the disaster.

SATHL

Forbearance and tolerance are simple {0 talk about but not easy 1o practice. This fs because any act of forbearance and tolerance comes at a price
sometimes even a painful one. Throughout ite, one often encounters sftuations where personal interests are infringed upon, whether intentionally or
unintentionally, by others. To cutivate and train a good psychological disposition, you must be brave enough to accept the tests of forbearance and
tolerance. Even when your emotions are uncontroliable, you must keep your mouth shut and control your mind. Enduring for a moment can help
You resist impatience and rashness, and control impulsive behavior. If you can be like Chen Xizo and Yang Zhu, finding a reason to balance your
‘own psycnology and convince yourself, you can then dissolve the pain of forbearance and become more tolerant and magnanimous.

In ife, there are many things that should be endured if they can be endured, and yielded to if they can be yielded to.

Forbearance and tolerance are not cowardice or timidity, but care and understanding. Forbearance and tolerance are a form of giving, a dedication,
akind of wisdom in life, and a magic formula for building good relationships between people.

When a person experiences forbearance once, they will gain an insight into life. When they experience tolerance once, they will open a door to
love.

Tolerance and forbearance are the best remedies for eliminating revenge. If you carry this "talisman with you, it wil ensure your Iitelong peace.
This is because people who are good at being tolerant and forbearing will not be manipulated by the injustices of the world. Even ifthey are harmed
by otners, they will never repay injustice with injustice. A heart of tolerance and forbearance wil aiways

Volume Six: What Is the Purpose of Bowing Your Head?
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Figure 23. Impact of photographic distortion on Gemini 2.5-Pro’s translation performance for the Zh-En task.
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Figure 24. Impact of photographic distortion on Doubao-1.6-v’s translation performance for the Zh-En task.
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Top 10 Best Seller Books

ror1 Where the Crawdads Sing

SOON TO BE A MAJOR MOTION PICTURE—The #1 New York Times bestselling
worldwide sensation with more than 12 million copies sold, hailed by The New York
Times Book Review as “a painfully beautiful first novel that is at once a murder mystery,
a coming-of-age narrative and a celebration of nature.” For years, ... Read More...

eor] The Summer I Turned Pretty

@ Now a streaming series in Summer 2022! Belly has an unforgettable summer in this
stunning start to the Summer I Turned Pretty series from the New York Times bestselling
author of To All the Boys I've Loved Before , Jenny Han. Some summers are just destined

I to be pretty. Belly measures her life in ... Read More...

eorl The Inn on Harmony Island

M EY R 00000 "I've binged it in a day, I love these characters, I love their dynamics, I love the
b mysteriousness of their background and everything in between. I've fallen hard for these
4 characters!" --Reviewer [JJJ00 "Each time I assumed the book would be predictable, a
twist popped up and ... Read More...

teor) It's Not Summer Without You
-5 ‘ Soon to be a streaming series in Summer 2022! Belly finds out what comes after falling in
B - " love in this follow-up to The Summer I Turned Pretty from the New York Times
* bestselling author of To All the Boys I've Loved Before (now a major motion picture!),
£‘ - Jenny Han. It used to be that Belly counted the... Read More...
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Figure 25. Impact of photographic distortion on GLM-4.5v’s translation performance for the En-Zh task.
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Figure 26. Impact of photographic distortion on Qwen-VL-Max’s translation performance for the En-Zh task.
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