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A. Additional Results

We provide additional visualizations of manually annotated
structural anomalies from diverse generative models and
synthetic structural anomalies generated by our rendering
engine in Fig. §, evaluation samples of TextPecker in Fig. 9,
and qualitative comparisons between Flux.1[dev] [13] and
its RL-optimized variants in Fig. 1.

B. Additional Ablation Studies

Table 1. Ablation study on the effectiveness of reward design:
PM for Pair-wise Matching, and SQ for Structural Quality reward,
measured by TextPecker (InternVL3).

Settings ‘ GenTextEval-EN

Generative Model‘ OCR Model ‘
| [NED PM SQ| Qua.  Sem.

- 0.671  0.265

PP-OCRV5 [6]| v 0.907  0.470

SD3.5-M [7] PP-OCRvV5 [6]| vV 0910 0.482
TextPecker v v 0.956  0.498

TextPecker v v v 0959  0.506

We also provide additional ablation studies to deconstruct
the reward function step-by-step and isolate the impact of
each component, using StableDiffusion3.5-Medium [7] as
the baseline, as shown in Tab. 1. Combining a conventional,
structure-unaware OCR model with Pairwise Matching (PM)
yields a 1.2% gain in semantic alignment, while structural
quality sees a marginal 0.3% improvement—indicating PM
enhances semantic feedback but minimally boosts structural
fidelity without structural perception. Replacing the OCR
model with TextPecker delivers gains across both dimen-
sions (Sem. +1.6%, Qua. +4.6%), demonstrating the value
of our structure-aware assessor. Finally, incorporating the
structural quality term as an auxiliary reward brings further
improvements (Sem. +0.8%, Qua. +0.3%) and achieves the
best overall performance, confirming the synergy of the full
TextPecker reward design.

C. Additional Generalization Results

We conduct cross-model validation on Gemini-2.5-flash-
image [3] renderings to assess robustness under normal and
extreme conditions (Tab. 2), and the results are consistent
across these settings, with failures mainly on extremely styl-
ized fonts where artistic deformations distort canonical glyph
structure and blur the boundary between style and true struc-
tural errors (see Fig. 2, cases are all from Gemini). As for
font variability, our dataset spans a large and diverse font
pool across training and evaluation (Tab. 9)

Table 2. Robustness evaluation of TextPecker on Gemini-2.5-flash-
image [3]: Performance under normal condition, extreme styliza-
tion, and low-contrast layouts.

Tab. A & Methods | Normal | Extreme Stylization | Low Contrast

| TSAP-FI CTR-R | TSAP-F1 CTR-R | TSAP-F1 CTR-R
InternVL-3-8B [25] 0.000 0.666 0.087 0.588 0.364 0742
TextPecker-8B 0.752 0.833 0.571 0.577 0.800 0.839

Table 3. Additional Quantitative Comparisons of RL-Optimized
Generative Models on Chinese Visual Text Benchxmarks (OnelG
[1], LongText [9], GenTextEval) with multi reward setting. O:
OCR Reward [15], S: TextPecker Semantic Reward, Q: TextPecker
Structural Quality reward, P: Pickscore Reward [11], A: Aethetic
Reward [17]. Results measurement and reward computation are
both conducted by TextPecker (InternVL-3).

OnelG | LongText |GenTextEval

method ‘ rewards ‘ weights ‘
| | | Qua. Sem. | Qua. Sem. | Qua. Sem.
- - 0.888 0.7470.900 0.815]0.922 0.805
Qwen-Image [23] | OPA 7:1:2 | 0.898 0.788 |0.912 0.845|0.944 0.859
SQPA | 5:2:1:2 | 0.943 0.828 | 0.941 0.889 | 0.970 0.893

D. Additional Results on RL for VTR

To further validate the efficacy of TextPecker and attain more
robust performance in Visual Text Rendering, we conduct
additional experiments under a strengthened RL baseline
setting, with key design choices elaborated as follows:
Backbone enhancement. We adopt recent GRPO-related
techniques[14, 21] to substantially enhance the efficiency
and stability of the VTR optimization process, with imple-
mentation details supplemented in Sec. G:
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Figure 1. Qualitative Comparisons of Text Rendering for Flux.1[dev] [13] and RL-Optimized Variants.
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(b) Low Contrast

(a) Extreme Stylization

Figure 2. Hard Cases of TextPecker on Gemini-Rendered [3] Visual
Text with Extreme Stylization and Low Contrast Layout.

(i) Flow-GRPO-Fast [14] is employed to accelerate train-
ing convergence by injecting stochasticity only on partial
optimization steps instead of all steps;

(ii)) GRPO-Guard [21] is employed to stabilize the training
dynamics and mitigate implicit over-optimization issues in
flow matching;

(iii) KL regularization enhancement (discussed in Flow-
GRPO’s [15] GitHub issues) is introduced to further alleviate
over-optimization and reward hacking problems. The origi-

nal formulation is:

| Ze4nt0 — ft-i-At,refHQ
202At

DKL(7T0 || 7Tref) -

To stabilize training dynamics and mitigate over-
optimization more effectively, we redefine the KL divergence
to operate over velocity-based policy distributions:

Dt (79 || Tret) = [|vo (24, £) — vrer(e, 1)

where all symbols follow the definitions in the Flow-
GRPO [15] paper, with the core adjustment being the switch
from state (Z) to velocity (v) as the regularization target.
Multi-Reward Regularization. In the main paper, we val-
idated TextPecker’s efficacy via experiments exclusive to
text-rendering rewards. However, this single-reward setup
inevitably degrades the model’s aesthetic and image quality
performance. To yield more robust VIR optimization, we
propose a multi-reward regularization strategy: we augment
the original TextPecker reward with PickScore [11] and Aes-
thetic Score [17], implicitly regularizing the VTR model to
yield more robust RL optimization results.



We present quantitative results of TextPecker under this
enhanced RL baseline in Tab. 3 and Tab. 4. Please note
that all figures in the main paper and appendix are based
on our original RL baseline, except for the additional visual
comparisons between the two TextPecker variants provided
in Fig. 3 and Fig. 4.

E. Details of Dataset

E.1. Details on Text-rich Image Generation

This section supplements the text-rich image generation
dataset construction details in the main text. We present
detailed statistics on the number of generated images catego-
rized by language and various generative models employed.
English dataset statistics in Tab. 5 and Chinese dataset statis-
tics shown in Tab. 6.

E.2. Details on Synthetic Data Augmentation

As demonstrated in the main paper, models trained solely on
manually annotated data generalize poorly to unseen struc-
tural anomalies. This limitation is particularly acute for
Chinese characters, whose 2D structure and vast inventory
(8,000 common characters) create a combinatorial explosion
of anomalies impossible to annotate exhaustively. To over-
come this, we extend the SynthTIGER [25] renderer with
two key enhancements: (1) image-level layout arrangements
to simulate complex scenes, (2) Structural Anomaly Con-
struction engine tailored to systematically generate diverse
structural errors in Chinese.

Key parameters for our rendering engine, covering both
canonical text generation and structural anomaly construc-
tion, are detailed in Table 9. Our parameter choices are
guided by the goal of training precise structural perception,
not robust text extraction. Consequently, to preserve clear
structural features, we intentionally disabled heavy post-
processing (e.g., noise, blur) and certain style effects (e.g.,
extrusion), while limiting geometric transformations (e.g.,
skew, rotation) to moderate ranges. Notably, we have a font
pool of 976 types to enhance font diversity. This ensures
the rendered text maintains high structural clarity amidst
realistic diversity, which is critical for our training objective.

E.3. Structural Anomaly Perception Test Set

We provide detailed statistics of the structural perception test
setin Tab. 7. To further validate the fairness and effectiveness
of our results, we additionally conduct evaluations on a real-
only test split (all synthetic samples excluded), with results
presented in Tab. 8.

E.4. Statistics of the RL Prompt Set for VTR

We present the statistics of the curated prompt set used for
RL-based VTR optimization in Fig. 5. The prompt set is

designed to encompass diverse text lengths and content for
effective reinforcement learning.

For English text rendering, we curate prompts from Tex-
tAtlas5SM [20], ensuring a rich and varied dataset. For Chi-
nese text rendering, we adopt a similar paradigm as described
in the main paper, starting with a comprehensive text corpus
sampled from WanJuan1.0 [10], which covers a wide range
of modern Chinese common characters. Additionally, we
use Qwen3-235B-A22B [24] to generate diverse style de-
scriptions of fonts. These style descriptions are integrated
with the corpus to create the final prompt set. The statistics
are visualized in Fig. 5.

E.5. Statistics of the GenTextEval Dataset

To facilitate re-evaluation with TextPecker and build upon
the strengths of existing benchmarks, we construct a dataset
named GenTextEval, which integrates English and Chinese
prompts from multiple sources [1, 5, 9, 20]. In light of
the limited availability of Chinese-rendering benchmarks
[1, 9, 23] (with ChineseWord remaining unavailable for
open-source at the time of our experiments), this dataset is
further enriched with Chinese prompts curated as described
in Sec. E.4. The final GenTextEval dataset comprises 314
prompts for English rendering and 417 prompts for Chinese
rendering. Following the traditional paradigm, each prompt
generates four distinct image outputs to ensure fairer assess-
ment. We offer a statistical overview of the GenTextEval
dataset in Fig. 6.

F. Prompt Template for TextPecker

We present the prompting templates used for TextPecker’s
training and testing in Fig. 7. To ensure consistency and
comparability across evaluations, we adopt the identical
template for all other MLLM baselines.

G. Additional Implementation Details

This section provides further implementation details, sup-
plementing the overview in the main paper. We employ the
Flow-GRPO [15] framework for all Reinforcement Learning
(RL) based VTR optimization experiments. Notably, Flow-
GRPO is an actively evolving repository, and the implemen-
tations reported here reflect the stable version available at
the time of our experiments. As noted in the main paper, the
overall methodology adheres to Flow-GRPO’s core design,
while the specific hyperparameters are carefully tuned for
each base model (building upon the framework’s default
configurations) to ensure stable and effective training. The
resolution for all generated images is set to 512 x 512 pixels.
The model-specific configurations are detailed below.

SD3.5-M [7]: We use 30 sampling steps for training and 40
for evaluation. The noise level is set to 0.8, and the guid-
ance scale is 1.0 (following the Flow-GRPO-Fast framework,



Table 4. Additional Quantitative Comparisons of RL-Optimized Generative Models on English VTR Benchmarks (OnelG [1], LongText [9],
CVTG [5], GenTextEval, TIIF [22], TextAtlas [20], LeX [26]) with multi reward setting. O: OCR Reward [15], S: TextPecker Semantic
Reward, Q: TextPecker Structural Quality reward, P: Pickscore Reward [11], A: Aethetic Reward [17]. Results measurement and reward
computation are both conducted by TextPecker (InternVL-3).

\ | .. | OnelG | LongText | CVTG |GenTextEval| THF | TextAtlas | LeX
method rewards ' weights

‘ ‘ ‘ Qua. Sem. ‘ Qua. Sem. ‘ Qua. Sem. ‘ Qua. Sem. ‘ Qua. Sem. ‘ Qua. Sem. ‘ Qua. Sem.
- - 0.840 0.507|0.836 0.407|0.843 0.466| 0.666 0.262|0.758 0.347|0.646 0.269|0.810 0.454
SD3.5-M [7] OPA | 7:1:2 |0.908 0.588(0.913 0.508|0.895 0.621| 0.896 0.461|0.886 0.483|0.916 0.436|0.894 0.563
SQPA | 5:2:1:2 1 0.940 0.607 |0.959 0.534|0.926 0.587|0.954 0.519|0.941 0.506|0.954 0.462|0.940 0.591
- - 0.870 0.578(0.925 0.584|0.889 0.510| 0.664 0.332|0.933 0.540|0.683 0.307|0.946 0.667
Flux.1[dev] [13] OPA | 7:1:2 |0.977 0.739(0.977 0.763|0.974 0.780| 0.982 0.739{0.986 0.719]0.983 0.640|0.988 0.741
SQPA | 5:2:1:2 {0.990 0.775|0.992 0.780|0.993 0.824| 0.991 0.762|0.991 0.735|0.993 0.649 |0.991 0.807
- - 0.954 0.812]0.961 0.831(0.960 0.817|0.958 0.723(0.933 0.682|0.953 0.665|0.927 0.760
Qwen-Image [23]| OPA 7:1:2 10.963 0.840|0.967 0.8580.962 0.848|0.974 0.808|0.964 0.764|0.970 0.728|0.958 0.850
SQPA | 5:2:1:2 10.983 0.888|0.982 0.891|0.976 0.889|0.990 0.876|0.975 0.800|0.982 0.746 | 0.968 0.883
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Figure 3. Qualitative comparisons of text rendering results (English) among different RL baseline settings. RL-TextPecker denotes the RL
setting in the main paper, and RL-SQPA refers to our enhanced RL setting as described in Sec. D.

CPS sampling and No-CFG are adopted to improve training
efficiency). The KL ratio 3 is 0.04. For LoRA, we adopt a
rank r of 32 and an alpha a of 64. Training is conducted
using the Flow-GRPO-Fast framework.

Flux.1[dev] [13]: We set 14 sampling steps for training and
28 for evaluation. The noise level is 0.9, the guidance scale
is 3.5, and the KL ratio 3 remains 0.04. For LoRA, we use a
rank 7 of 64 and an alpha o of 128. No Flow-GRPO variant
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Figure 4. Qualitative comparisons of text rendering results (Chinese) among different RL baseline settings. RL-TextPecker denotes the RL
setting in the main paper, and RL-SQPA refers to our enhanced RL setting as described in Sec. D.

Table 5. Statistics of English text-rich images generated by different
models, labeled at box and image levels. Proportions are computed

over all instances.

Model | Level | Samples | Proportion
AnyText [19] ‘ IEZ;:—T:ILI ‘ 37(2,60457 ‘ Z;Z‘Z
Flux.1[dev] [13] ‘ Iﬁggelizil ‘ ?;g? ‘ 242,227;:5
Qwen-Image [23] ‘ IEZ;:-?Z\?LI ‘ 220634:)78 ‘ 3223//;07

SD3 [7] ‘ Iﬁi;lizsld ‘ 11075776265 ‘ ?;;;

T Il IO I
SeedDream3.0 [8] ‘ Iflz;:j:]e] ‘ ‘:7194241 ‘ 111.5(3‘;37

is employed for this model.

Qwen-Image [23]: We employ 10 sampling steps for train-
ing and 50 for evaluation. The noise level is set to 1.2, with a

Table 6. Statistics of Chinese text-rich images generated by dif-
ferent models, labeled at box and image levels. Proportions are
computed over all instances.

Model |  Level | Samples | Proportion
CogView4 [4] ‘ IEZ;I_?:,; ‘ ?gggg ‘ 15121640;?
Kolors [12] ‘ IEZ;:_‘;\:L] ‘ ?g;‘g ‘ 1509989;?
Qwen-Image [23] ‘ IEZ;:_?:;ICI ‘ 266252957 ‘ ?ggzz
SeedDream3.0 [8] ‘ Irlflz)g:lj:i] ‘ l3466033925 ‘ Ti?; ZZ

guidance scale of 4.0 and a KL ratio 3 of 0.004. For LoRA,
we adopt a rank r of 64 and an alpha « of 128. Training is
conducted using the Flow-GRPO-Fast framework.

G.1. Computational cost and latency.

The evaluator is used only during RL training and run as
a separate asynchronous service, hence it adds negligible
overhead and does not affect inference latency; on SD3.5-



Table 7. Statistics of our constructed text-rich image structural
perception test dataset with structural-anomaly labels at box and
image levels. Proportions are computed over all instances.

Data Type ‘ Level ‘ Samples ‘ Proportion
. Box 444 41.85%
Manual A tati S

anual Annotations ‘ Image ‘ 417 ‘ 39.29%

0

Synthetic Anomaly Text lgz;e ‘ gg ‘ i;};
. ‘0

Synthetic Normal Text ‘ IB:; e ‘ Zg ‘ i; i Zﬂ

. ‘0

Total ‘ - ‘ 1061 ‘ 100%

Table 8. Performance of TextPecker on Real-only Test Splits

| Chinese | English

Methods
| Image

| TSAP-FI CTR-R TSAP-FI CTR-R | TSAP-FI CTR-R TSAP-FI CTR-R

Box | Image | Box

InternVL3-8B (Baseline) 0.106 0.955 0.244 0.791 0.183 0.759 0.304 0.570
TextPecker-8B (Anno) 0.866 0.849 0.906 0.815 0.874 0.938 0.809 0918

TextPecker-8B (Anno + Syn) | 0.901 0917 0.955 0.995 0.850 0.931 0.840 0.944

M[7], 100 RL steps take 5.52 h (TextPecker) vs. 5.40 h
(PPOCRV5[6]).

H. Additional Implementation Details on Sec. D

As mentioned in Sec. D, we conducted additional exper-
iments utilizing an enhanced RL baseline. This baseline
incorporates several advanced techniques including Flow-
GRPO-Fast [14], GRPO-Guard [21], Velocity KL loss, and
multi-reward regularization. This section provides the spe-
cific hyperparameter details for experiments in Tab. 3 and
Tab. 4. LoRA configurations remain identical to those de-
scribed in Sec. D.

SD3.5-M [7]: We use 40 sampling steps for both training and
evaluation. An SDE window of size 12 is applied during the

Distributions (% )

0-10 10-20 20-30 30-40 40-50 50-60 60-70 70+

Length of rendered texts

Figure 5. Statistics of the RL prompt set for RL-based VTR opti-
mization (English: word-level; Chinese: character-level).

first half of the sampling process. The key hyperparameters
are set as follows: a noise level of 0.9, a guidance scale of 4.5,
and a learning rate of 10, The ratio 3 for the Velocity KL
loss is set to 10~%, and the clipping range is set to 2 x 1075,

Flux.1[dev] [13]: We set the number of sampling steps to
28 for both training and evaluation. An SDE window of size
9 is used in the first half of the sampling steps. The noise
level is 0.9, the guidance scale is 3.5, and the learning rate
is 107*. The Velocity KL loss ratio /3 is configured to 10™4,
and the clipping range is set to 2 x 1076,

Qwen-Image [23]: We employ 20 sampling steps for train-
ing and 50 for evaluation. During training, an SDE window
of size 5 is applied to the initial half of the sampling steps.
The noise level is set to 1.2, the guidance scale is 4, and the
learning rate is 10, The Velocity KL ratio 3 is 10~3, and
the clipping range is set to 2 x 1075,

I. Limitations

TextPecker paves a novel path for addressing the core bottle-
neck in VTR evaluation and RL-based optimization, lever-
aging a structural-anomaly-aware RL reward that delivers
complementary signals for semantic alignment and structural
quality. While providing a foundational step towards struc-
turally faithful VTR, our work still has several limitations
that point to meaningful directions to be explored.

First, our structural anomaly synthesis is contingent upon
the availability of stroke-level font data. This dependency
currently restricts its application to standard fonts, preclud-
ing the generation of anomalies in artistic or proprietary
typefaces lacking such data.

Second, our work is currently confined to Chinese and
English text rendering, with efficient multilingual extension
as a key area for future exploration.

Third, our TextPecker evaluator is equipped with box-
level perception ability, which theoretically enables it to
support downstream VTR-related tasks such as text transla-
tion and local text editing, which are often challenging for
general editing methods [2, 13, 18, 19, 27]. Validating the
effectiveness of evaluation and RL optimization on these
downstream tasks is left for future work.

Fourth, challenges arise in handling artistic text genera-
tion (see Fig. 2 above), which is an increasingly demanded
scenario. Artistic text often involves deliberate modifications
to standard structures, such as connected strokes, added sym-
bols, or pictorial variations, making it inherently difficult to
define a single standard or ground truth. Furthermore, artis-
tic designs are continuously evolving, presenting a moving
target that conflicts with the structural consistency objectives
of our current framework. Addressing the evaluation and
optimization of artistic text generation remains a challenging
yet impactful research direction, necessitating the integra-
tion of creative expression with principles of structure-aware
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Figure 6. Comparison among CVTG-2K[5], OnelG-Bench[1], LongText-Bench[9], and Our Proposed GenTextEval-Bench with Respect to
the Length of Rendered Texts in English (Left) and Chinese (Right).

(Image-level Prompt for TexTPecker\ ( Box-level Prompt for TextPecker \
Query: This is a text-generated image. Query: This is a text-generated image.
Please recognize all visible text in the Please recognize all visible text in the
entire image. Marking rules: 1. Use <#> local area "bbox_2d:[x1, y1, x2, y21".
for structurally flawed (e.g., Marking rules: 1. Use <#> for
extra/missing strokes, distortion) structurally flawed (e.g., extra/missing
unrecognizable Chinese characters or strokes, distortion) unrecognizable
single English letters; 2. Use <###> Chinese characters or single English
exclusively for structurally flawed letters; 2. Use «###> exclusively for
unrecognizable single English words structurally flawed unrecognizable
(not multi-word phrases, lines, or single English words (not multi-word
sentences). Output in the following phrases, lines, or sentences). Output in
JSON format: {"recognized_text": the following JSON format:

"All text in the image (including {"recognized_text": " Text in
structural error markers)"} "bbox_2d:[x1, y1, x2, y2]" (including

structural error markers)"}
\_ 2N J

Figure 7. The prompting template used for our TextPecker.

textual modeling.



Table 9. Key parameters for canonical text rendering and structural anomaly construction.

Parameter Category

‘ Canonical Chinese Text ‘ Canonical English Text ‘ Structural Anomaly Construction

Basic Text Configuration
Vertical text probability
Number of elements per sample

10%
3-10

10%
3-10

10%
3-10

Text length range 1-25 characters 3-25 characters 1-25 characters

Font Settings

Number of font types 976 976 976

Font size range 50-100 pt 50-100 pt 50-100 pt

Layout Parameters

Horizontal spacing between elements 50-200 px 50-200 px 50-200 px

Vertical line spacing 10-20 px 10-20 px 10-20 px

Length ratio range 0.8-1.0 0.8-1.0 0.8-1.0

Random offset probability 20% 20% 20%

Random offset range 10-30 px 10-30 px 10-30 px

Image margin 15 px 15 px 15 px

Flow layout probability 80% 80% 80%

Curve layout probability 20% 20% 20%

Style Effects

Style application probability 25% 25% 25%

- Text border (probability) 100% 100% 100%
Size ratio 5-15% 5-15% 5-15%
Alpha 1.0 1.0 1.0

- Text shadow (probability) 0% 0% 0%

- Text extrusion (probability) 0% 0% 0%

Geometric Transformation

Transformation application probability 50% 50% 50%

- Perspective x (weight) 1 1 1
Percents 0.8 0.8 0.8

- Perspective y (weight) 1 1 1
Percents 0.8-1 0.8-1 0.8-1

- Trapezoidate x (weight) 1 1 1
Percent 0.8-1 0.8-1 0.8-1

- Trapezoidate y (weight) 1 1 1
Percent 0.8-1 0.8-1 0.8-1

- Skew x (weight) 2 2 2
Angle 0-30° 0-30° 0-30°

- Skew y (weight) 2 2 2
Angle 0-10° 0-10° 0-10°

- Rotate (weight) 3 3 3
Angle 0-10° 0-10° 0-10°

Structural Anomaly Generation

Anomaly generation probability 0% 0% 50%

- Deletion (probability) - - 40%

- Insertion (probability) - - 40%

- Swapping (probability) - - 40%
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Figure 8. This figure shows manually annotated structural anomalies (box-level and image-level) from various generative models, alongside
synthetic structural anomalies generated by our rendering engine for data augmentation.
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"pecl<er7qua" 0.8888838388888888,
"pecker_sem": 0.5802469135802469,
"recognized text": " M SUMICRETE TS T i NRHEHEND FRAAAIE W RN T fRco<ioHR TR G B AT U EHERY
FEI) <t<><t><ti><H><ii><>"

“prompt: "ENAMEAY—K, EUTRURRENCAMERT TRAMEIR. NOETRIE —SEMREMEE BEWEArESE: WIREER

FE, FEbKLESE gAY, BT ER AR, 3R] DRSS RARESAIRERDT . SSAMHITAY RS
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So WER %1??% ﬂliﬁ“@l)\&ﬁﬁfﬁ 5171 }g—m A i)
target’: RIREIEI TR SALGEIEE SRR . ﬂ*TDE’J%ﬁW@FE’J%F RSt TR 125 TLERT! FF

?’fﬁ%’%ﬁ' JBIE @E@EIJ:¢105¢EEJ:9 FRL,

"pecker_qua": 0.9864864864864865,

"pecker_sem": 0.8227848101265822,

“recognized text": "iﬁ’u@ﬂ@laﬁ“lﬁ% KT AR RIMAOIRIANE. SR DRSS RARES IR ERDE TERRM: 125 )< ) LERIT

<t>REH LF0RE < Lo mEE

"prompt": "A humorous cartoon-style comic panel set inside an art museum, depicting a confused visitor engaging in playful dialogue with the
enthusiastic tour guide about an abstract painting. Speech bubbles are positioned naturally to guide viewers easily through their conversation. At the
upper-left, the puzzled visitor's speech bubble reads, \"Are you sure this upside-down triangle represents humanity's strugf_gle’\ In the top-right corner,
the sm|I|ng quide replies confidently, \"Precisely! Human|ty often struggles between deep meaning and pizza cravmgs\ ower-left corner speech
bubble shows the visitor responding thoughtfully, \"Well, in that case, | deeply resonate with this masterpiece\". Finally, bottom-right side next to the
guide, a cheerful bubble summarizes, \"Excellent! True art speaks clearly to those who hunger for understanding\". The humorous expressions and clear
diagonal speech bubble arrangement naturally guide viewers through the armsmgrexchan e from top-left to bottomright.”,

"target'": "Are you sure this upside-down triangle represents humanitys struggle? Precisely Humanity often struggles between deep meanmg and pizza
cravings Well, in that case, | deeply resonate with this masterpiece Excellent! True art speaks clearly to those who hunger for understanding’,
"pecker_qua": 0.9915966386554622,

"pecker_sem": 0.4777591036414566,

recognized_text": "THE YOU OFF ARE WrAMGuUS STRuGGLE, SUEE THIS THEYAI |IE PESINOUT UPSIDE-DOWN HUMANITY,G<#><#>ides. STRVGGLES
DEEP MEANING AND PIZZA CRAVINGS? WELL, IN THAT CASE, | DEEPLY REMOTANTE WITH THIS MASTERPIECES EXPELLENT! \'TRUE ART
CLEARLY\" NEXTES TO THOSE WHO HUNGER FOR UNDERSTANDING!"

“prompt": "—ME LI YIAISASAREIRRIE, SAEECETME S TINEYE S, Hh— BRI AR TS ‘%ﬂﬁaE’“aaﬁi
3%, EFRYETEREN, TANER NP SIS TIRSE N SCERTA . LM ME S T Ea Iy feLeh, ™8
Ezw, REREAMCG, AMZER, SRR DU D/ B, TR SRR LIRS, ST AR I#ﬁ%‘%
WA, S R SR i A (Y B A SRR e

"t ﬁset};é qzkaaﬂ F%*EE 13, ERORES R 201 SIS A HL R, ParhE T AR, 2028, Pl & \E
'?[E)ecker qua™ 0/933é333333333333,

"pecker_sem": 0.44285714285714284,

"recognized_text": "SI TR S ERE R (VA< T SOKBRERGIHE AZE< P E< BERK< SR 40 3(ZERT 5/
RS = E <t

"prompt": "A lively, crowded outdoor marketplace fills a sunny plaza, bustling energetically with shoppers weaving among vibrant vendor stands
overflowing with fresh, colorful goods. Drawing clear attention at the heart of this dynamic market scene is a large, rustic wooden sign prominently
hung above a popular stall, displaying attractive, easily readable lettering that warmly announces \"Farm Fresh & Locally Produce\'. Beneath this
main headline, elegant yet S|mple text proclalms encouraging messages, clearly stating \'Taste Nature's Best Support Local Farmers!\" and the
enticing incentive \"Special Offer: Organic 10% Off Today Only!\" Scattered artfully around the stall are smaller, charmingly handwritten chalkboard-
style signs clearly displaying inviting additional notes such as \"Fresh Apples, Strawberries and Seasonal Veggies Available\" further engaging and
drawing in curious visitors. Shoppers frequently pause to thoughtfully read and appreciate these inviting, vividly presented signs, adding warmth and
authentlcny to the overall bustling marketplace atmosphere.",
"target”: "Farm Fresh & Locally Produce Taste Natures Best Support Local Farmers! Special Offer: Organic 10% Off Today Only! Fresh Apples,

Strawberries and Seasonal Veggies Available',

"pecker_qua": 1.0,
"pecker_sem™: 0.71,
“recognized_text": "Farm Fresh & Locally Produce. Taste Nature's Best Support Local Farmers! Special Offer: Organic 10% Off Today Only!"

Figure 9. This figure presents evaluation samples of TextPecker, showcasing its performance in detecting structural anomalies across diverse
text rendering scenarios. w = 1 for structural quality score visualization.
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