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A. More Details of Stage 1
A.1. Construction of the Training Dataset
Following previous works [14, 15, 20], we train the GlyphPrinter with both a synthetic dataset and a collected realistic dataset.
The synthetic dataset is used to improve the model’s text rendering ability. Specifically, we use 560K images from LAION
dataset as background, which are then overlaid with multilingual characters (languages include Latin, Chinese, Japanese,
Korean, Arabic, and Thai) through the following steps: 1) For each background image, we first use an optimization algorithm
to obtain 1 to 4 non-overlapping bounding boxes, each with a random orientation, rotation angle, and size. 2) For each
bounding box, we randomly select a language and insert an appropriate number of characters based on the box size. 3) We
randomly select bounding boxes and apply distortion to them. Several samples are provided on the left of Fig. I.

To generate text images with diverse styles, we additionally collect 30K high-quality text images from the internet.
These images are then annotated with an OCR model [4] and VLM [1] for text recognition and image caption, respectively.
Following the previous work [15], placeholders such as <sks1>, <sks2>, . . . , <sksn> are used in captions to represent
the text from each text block. This dataset mainly contains Chinese and English texts, as illustrated on the right side of Fig. I.

(a) Synthetic Dataset (b) Realistic Dataset

Figure I. Samples from the (a) synthetic dataset and (b) realistic dataset used in Stage 1.

B. More Details of Stage 2
B.1. Construction of GlyphCorrector
In Stage 2, we construct GlyphCorrector to make the model learn from region-level preference pairs, improving the glyph
accuracy. Each annotator labels their assigned samples by comparing generated characters with the synthetic rendered ones,
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Figure II. Samples from the proposed GlyphCorrector. The erroneous regions are highlighted with green boxes.

followed by cross-review and iterative correction until all errors are resolved. Some examples are shown in Fig. II.

The motivation for generating a group of images per condition. The traditional DPO objective [16] only considers a
single preference pair in each training batch, which is insufficient for visual text rendering tasks. This is because a small
number of samples are difficult to cover completely accurate glyphs, particularly for long or complex glyph conditions. For
instance, given the glyph condition “12345678”, the first sample contains accurate “1234”, while the second one accurately
renders “3456”. However, the model still fails to learn the accurate “78” with this single preference pair. Therefore, generating
a group of images for each condition enhances sample diversity, enabling the model to learn accurate glyphs from various
samples and thereby improving model performance.

B.2. Derivation of Eq. (8)
Here, we derive that Eq. (8) is exactly the implicit reward model learned from Eq. (7). First, we reformulate Eq. (7) as:
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pθ(M(xt−1)|xt, c)||pref(M(xt−1)|xt, c)

)
]

=min
pθ

− Ec,pθ(x0:T |c)[Σ
T−1
t=0 Rm(M(xt), c)/β] + ΣT

t=1Ec,pθ(xt|c)[DKL
(
pθ(M(xt−1)|xt, c)||pref(M(xt−1)|xt, c)

)
]

=min
pθ

− Ec,pθ(x0:T |c)[Σ
T−1
t=0 Rm(M(xt), c)/β] + ΣT

t=1Ec,pθ(xt|c)Epθ(M(xt−1)|xt,c)

[
log

pθ(M(xt−1)|xt, c)

pref(M(xt−1)|xt, c)

]
=min

pθ

− Ec,pθ(x0:T |c)[Σ
T−1
t=0 Rm(M(xt), c)/β] + ΣT

t=1Ec,pθ(xt|c)Epθ(xt−1|xt,c)

[
log

pθ(M(xt−1)|xt, c)

pref(M(xt−1)|xt, c)

]
=min

pθ

− Ec,pθ(x0:T |c)[Σ
T−1
t=0 Rm(M(xt), c)/β] + Ec,pθ(x0:T |c)

[
ΣT

t=1log
pθ(M(xt−1)|xt, c)

pref(M(xt−1)|xt, c)

]
=min

pθ

Ec,pθ(x0:T |c)

[
− ΣT

t=1Rm(M(xt−1), c)/β +ΣT
t=1log

pθ(M(xt−1)|xt, c)

pref(M(xt−1)|xt, c)

]
,

(i)

where rm(x0, c,M) is decomposed as rm(x0, c,M) = Epθ(x1:T |x0,c)[Σ
T−1
t=0 Rm(M(xt), c)], and Rm(M(xt), c) is the step-

wise reward function.
Then, we formulate the sampling process of diffusion models under the multi-step RL framework as in [16]. We first

define the initial state distribution ρ0, state transition dynamics Ps, policy function π, action space A, and the state space S.
Specifically, Ps(st+1|st, at) takes the current state st ∈ S and action at ∈ A as input, returning the distribution of the next
state st+1. The policy π(at|st) determines the action for the current state. Different from previous literature, we propose the



reward function r̂(st, ât), which receives st and the action ât from a subspace of A. Then, we have:

st ≜ (xt, t, c)

ρ0 ≜ (N (0, I), δT , p(c))

at ≜ xt−1

ât ≜ M(xt−1)

Ps(st+1|st, at) ≜(δxt−1
, δt−1, δc)

r̂(st, ât) ≜ Rm(M(xt−1), c),

(ii)

where δ is the Dirac delta function. Following [12], we can derive the optimal state-action value function Q∗
m, the optimal

state value function V ∗
m, and the optimal distribution p∗θ from Eq. (i):

Q∗
m((xt, t, c),M(xt−1)) = Rm(M(xt−1), c) + Ep∗

θ(xt−1|xt,c,M(xt−1))[V
∗
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.

(iii)

Therefore, we have:
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]
= βTEt,xt−1,t∼p∗

θ(xt−1,t|x0,c)

[
log

p∗θ(M(xt−1)|xt, c)

pref(M(xt−1)|xt, c)
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m(xt, t, c,M)− E[V ∗

m(xt−1, t− 1, c,M)]]
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(v)

which is exactly the form of Eq. (8).



B.3. Alternative Approximate Derivation of Eq. (8).
We also provide an alternative approximate derivation of Eq. (8). Start from Eq. (i), we have:
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(vi)
where Zt

m(c,M) = Σxt−1pref(M(xt−1)|xt, c)exp(Rm(M(xt−1), c)/β) is the regional partition function for each step.
Therefore, the optimal distribution p∗θ(M(xt−1)|xt, c) for each step can be approximated as:

p∗θ(M(xt−1)|xt, c) = pref(M(xt−1)|xt, c)exp(Rm(M(xt−1), c)/β)/Z
t
m(c,M). (vii)

Then, we have:

Rm(M(xt−1), c) = βlog
p∗θ(M(xt−1)|xt, c)

pref(M(xt−1)|xt, c)
+ βlogZt

m(c,M). (viii)

The total regional reward function is:

rm(x0, c,M) = Ep∗
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T−1
t=0 Rm(M(xt), c)]

= Ep∗
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]
+ Zm(c,M),

(ix)

which is exactly the form of Eq. (8).

B.4. Derivation of Eq. (9)
The derivation of Eq. (9) is introduced below. We first substitute rm terms from Eq. (9) with Eq. (8):

LR-DPO = −Ec,xw
0 ,xl

0,M
w,M l

[
logσ

(
rm(xw

0 , c,M
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pref(M l(xl
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,

(x)



where ∆Zm(c,Mw,M l) takes the form Zm(c,Mw)− Zm(c,M l). By Jensen’s inequality, we have:

LR-DPO ≤ −Ec,t,xw
0 ,xl

0,M
w,M lExw

t ,xl
t
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logσ

(
βTExw
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t , c)
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t , c)
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log
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t
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pθ(M
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pθ(M
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pref(M l(xl
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] + ∆Zm(c,Mw,M l)

)]
,

(xi)

where we approximate pθ with forward process q as in [19]. Then, we have:

LR-DPO ≤ −Ec,t,xw
0 ,xl

0,M
w,M lExw

t ,xl
t

[
logσ

(
βTEMw(xw

t−1),M
l(xl

t−1)
[logpθ(Mw(xw

t−1)|xw
t , c)− logq(Mw(xw

t−1)|xw
0,t)−

(logpref(M
w(xw

t−1)|xw
t , c)− logq(Mw(xw

t−1)|xw
0,t))− (logpθ(M l(xl

t−1)|xl
t, c)− logq(M l(xl

t−1)|xl
0,t)−

(logpref(M
l(xl

t−1)|xl
t, c)− logq(M l(xl

t−1)|xl
0,t)))] + ∆Zm(c,Mw,M l)

)]
= −Ec,t,xw

0 ,xl
0,M

w,M lExw
t ,xl

t

[
logσ

(
− βT

(
DKL

(
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t−1)|xw
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t , c)

)
−
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(
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(
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0,t)||pθ(M l(xl

t−1)|xl
t, c)

)
−

DKL
(
q(M l(xl

t−1)|xl
0,t)||pref(M

l(xl
t−1)|xl

t, c)
)))

+∆Zm(c,Mw,M l)
)]

.

(xii)
From previous literature [10], we have:

Ec,t,x0
Ext

[DKL(q(xt−1|x0,t)||pθ(xt−1|xt, c))] = Ec,t,x0,ϵ[ωt||ϵ− ϵθ(xt, t, c)||2], (xiii)

where pθ(xt−1|xt, c) takes the form N (xt−1|µθ, σ
2
t I), and q(xt−1|x0,t) := N (xt−1|µt, σ

2
t I). Since M is a linear

transformation, pθ(M(xt−1)|xt, c) and q(M(xt−1)|x0,t) become to N (xt−1|M(µθ), σ
2
t I) and N (xt−1|M(µt), σ

2
t I),

respectively. Therefore, we can extend the Eq. (xiii) into following regional variant:

Ec,t,x0,MExt [DKL(q(M(xt−1)|x0,t)||pθ(M(xt−1)|xt, c))] = Ec,t,x0,M,ϵ[ωt||M(ϵ− ϵθ(xt, t, c))||2], (xiv)

Since ||v − vθ(xt, t, c)||2 ∝ ||ϵ − ϵθ(xt, t, c)||2 [13], we can get following objective by substituting the Eq. (xiv) into each
KL-divergence term of Eq. (xii):

LR-DPO ≤ −Ec,t,xw
0 ,xl

0,M
w,M l,ϵw,ϵl

[
logσ

(
− βTωt

(
||Mw(vw − vθ(x

w
t , t, c))||22 − ||Mw(vw − vref(x

w
t , t, c))||22−

(||M l(vl − vθ(x
l
t, t, c))||22 − ||M l(vl − vref(x

l
t, t, c))||22)

)
+∆Zm(c,Mw,M l)

)]
,

(xv)

which is exactly the form of Eq. (9). According to the formulation of Zm(c,M) from Eq. (v) and Eq. (ix), ∆Zm(c,Mw,M l)
equals 0 when Mw = M l.

B.5. Comparison of R-GDPO with Previous Methods
Recently, several studies [8, 21] have introduced their DPO variants for video generation models and Large Language Models,
to address the inefficiency of applying overall preferences [16] in their tasks. For example, DenseDPO [21] assigns preference
labels to each frame for two video samples, while Mask-DPO [8] leverages sentence-level preference annotations to enable
the model to only learn from the correct facts in winning answers and the incorrect contents in losing answers. In contrast,
our R-GDPO is proposed for image generation and constructs region-level preference pairs within the spatial dimension.
Moreover, while providing a comprehensive derivation, we extend the conventional single preference pair to a group-wise
setting, thereby enhancing sample diversity and data utilization efficiency.

For image generation, the most related work to ours is PatchDPO [11]. Similarly, it introduces a patch-level DPO objective
for customization tasks to improve subject consistency. However, our R-GDPO differs from the method in the following



aspects. 1). Essentially, PatchDPO employs a weighted diffusion loss, which can be regarded as a softer variant of our Mask-
SFT discussed in the ablation studies. Specifically, it assigns high/low weights to superior/inferior patches within an image,
with weights normalized to [0, 1]. However, the objective inherently lacks explicit penalty signals from losing samples,
leading to suboptimal model performance, as discussed in our ablation studies. In contrast, our R-GDPO aligns the model
outputs with winning glyph regions, while distancing them from losing ones, thereby learning localized glyph correctness.
2). Similar to previous works [8, 16, 21], PatchDPO objective only considers a single preference pair for each batch, which
limits the sample diversity. Our R-GDPO objective, on the other hand, generates a group of images per condition, allowing
the model to learn from the superior regions across different samples and thereby improving overall model performance.

C. More Details of RRG
First, we prove that Eq. (12) derives the optimal distribution with adjustable regularization weight. As shown in Eq. (iii) and
Eq. (vii), since pθ(xt|c) ∝ pref(xt|c)exp(r(xt, c)/β), we can reformulate Eq. (12) as :

ŝref,θ(xt, ω, c) = ∇xt log
(
pref(xt|c)(1−ω)pθ(xt|c)ω

)
= ∇xt

log
(
pref(xt|c)(1−ω)(pref(xt|c)exp(r(xt, c)/β))

ω
)

= ∇xt log
(
pref(xt|c)exp(

r(xt, c)

β/ω
)
)
.

(xvi)

The pref(xt|c)exp( r(xt,c)
β/ω ) in the last row corresponds to the optimal distribution to be sampled. β/ω is the adjustable

regularization weight, controlling the glyph accuracy during inference. Then, we give the full derivation of Eq. (13):

v∗(xt, t, c) = atx+ bt
(
∇xt log

(
pref(xt|c)(1−ω)pθ(xt|c)ω

))
= atx+ bt

(
(1− ω)∇xt logpref(xt|c) + ω∇xt logpθ(xt|c)

)
= atx+ bt

(
(1− ω)

vref(xt, t, c)− atx

bt
+ ω

vθ(xt, t, c)− atx

bt

)
= atx+ (1− ω)vref(xt, t, c) + ωvθ(xt, t, c)− atx

= (1− ω)vref(xt, t, c) + ωvθ(xt, t, c).

(xvii)

Algorithm 1 demonstrates the pipeline of our RRG.

Algorithm 1: Algorithm of RRG.
Input: Initial noisy image xT sampled from N (0, I); condition c; Classifier-Free Guidance scale ω; model vref from Stage 1;

model vθ from Stage 2; sampling step T ;
Output: The generated image x;
Get the overall text region mask P̂ from c ;
for t in {T, T − 1 . . . , 1} do

vt,ref = vref(xt, t, c);
vt,θ = vθ(xt, t, c);
v∗t = (1− ω)vt,ref + ωvt,θ;
v̂∗t = P̂v∗t + (I− P̂)vt,θ;
xt−1 = xt + v̂∗t dt;

x = x0;
Return: The generated image x.

Comparison of RRG With Previous Methods. The early work Flow-NRG[13] introduces reward guidance in inference
time, enhancing model performance by sampling from the optimal distribution. Inspired by the classifier-guidance
method [5], Flow-NRG trains an additional reward network to assess noisy images. During inference, it leverages the
gradient of the reward network to modulate the velocity field, guiding the sampling process. In contrast, our method builds
upon Classifier-Free Guidance (CFG) [9], which combines the predicted velocity fields from models at different stages,
enabling sampling from a controllable optimal distribution without training an auxiliary network.
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A cozy and warm coffee shop corner, sunlight 

streaming through the window, a wooden sign 

on the brick wall with the cafe's name <sks1> 

and <sks2>, and a smaller sign below saying 

<sks3>. The style is rustic and inviting, depth 

of field, soft focus.

A classic wooden sign hanging in the window 

of a cozy Japanese Izakaya (pub). The sign has 

been flipped to show the side that reads 

<sks1> and <sks2>. The warm, inviting light 

from inside the pub glows around the sign. 

You can see blurry silhouettes of customers 

inside.

A gritty, terrifying scene from a zombie 

apocalypse movie. A blood-spattered 

emergency broadcast message is displayed on 

a flickering television screen in a dark, 

abandoned room. The alert, <sks1>, directive, 

<sks2>, and English title <sks3>, are shown in 

a chaotic, glitching font.

A clean, functional sign outside a hospital's 

emergency room in Thailand. The sign, with 

the text <sks1> and a request for quiet <sks2>, 

is brightly lit. The environment is sterile and 

professional. A red cross symbol is visible.

The ornate, heavily carved cover of a mystical, 

ancient Chinese grimoire. The title <sks1> is 

embossed in dark gold. The chapter headings 

<sks2> and <sks3> are written in a powerful, 

calligraphic script inside, suggesting a book of 

great power and mystery.

A dense, chaotic, cyberpunk-style cityscape 

inspired by the Kowloon Walled City. A 

flickering, grimy neon sign identifies the 

location as <sks1>. Another neon sign, <sks2>, 

perfectly describes the lawless atmosphere. 

The scene is dark, rainy, and filled with wires 

and steam.

A shot inside a traditional Chinese medicine 

hall, filled with wooden drawers and ceramic 

jars. A large, hanging wooden plaque has the 

characters for <sks1> carved into it. A smaller 

label on a porcelain jar reads <sks2>. The air 

is filled with the scent of herbs.

A page from a mysterious, ancient Taoist 

scripture. The paper is yellowed and brittle. 

The book's title is <sks1>. The chapter is titled 

<sks2>, and a subtitle reads <sks3>. The text 

is written in an archaic, vertical script, 

surrounded by mystical diagrams and 

talismans.

Figure III. Samples from the constructed benchmarks (a) GlyphAcc-Multilingual and (b) GlyphAcc-Complex.

Inspired by CFG, some concurrent works [3, 6] have also introduced their reward guidance approaches. While they arrive
at similar conclusions, our RRG is derived by a different approach. Furthermore, we extend the conventional image-level
guidance to the region-level variant, which better preserves the quality of the background content.

D. More Details of Benchmarks
We construct two benchmarks, GlyphAcc-Multilingual and GlyphAcc-Complex, to evaluate the model performance in
rendering multilingual texts and characters with complex glyphs, respectively. GlyphAcc-Multilingual consists of 370 test
cases spanning seven languages: English, Chinese, Japanese, Korean, French, Vietnamese, and Thai. In contrast, GlyphAcc-
Complex contains 97 test cases, focusing on complex Chinese characters. For both benchmarks, we instruct Gemini [17] to
provide the image description and the coordinates of 1 to 4 bounding boxes for placing texts. Furthermore, the texts to be
rendered are also obtained via Gemini. Representative examples are shown in Fig. III. The prompt for querying Gemini is:

You are an image layout expert, specializing in designing which areas of a 1024×1024 image should contain
text. You will output rectangular text bounding boxes to indicate the positions of the text in the image, in the
format:

(x1, y1), (x2, y2), (x3, y3), (x4, y4)

(top-left, top-right, bottom-right, bottom-left). For each image, output 1–4 text bounding boxes. The content
inside each bounding box should be text in English, Chinese, Japanese, Korean, French, Vietnamese, or Thai.
Finally, provide an overall prompt for the image, using placeholders such as <sks1>, <sks2>, . . . , <sksn>
to denote the text that will be rendered. Output the result in a JSON file.



The title screen of a futuristic 

video game. The title "    
      " is in a glowing 

font. Below it, the year "西暦
2077年" is displayed. The 

background is a depiction of …

Epic fantasy book cover art, a 

knight in shining armor stands 

on a cliff overlooking a valley 

with a dragon flying in the sky. 

The book title "龙裔编年史" is 

at the top and the subtitle "幻想
之旅" is at the bottom …

The label on a jar of a Northern 

Thai chili dip. The label 

identifies the product as "        

     " and boasts it’s an "    

        ". A small banner says it’s 

a "                  " …

        EasyTextOurs Qwen-ImageX-OmniGlyph-Byt5-v2Condition

A colorful poster. It features a 

photo of an idol group. The 

group's name "      " is 

in a glittery, stylized font. The 

album title "           
     " and a release notice 

"COMING SOON" …

                                 

                              

                         

                                 

                             

                                   

                        

Figure IV. Comparison results on GlyphAcc-Multilingual.

E. More Details of Evaluation Metrics
We leverage Qwen2.5-VL [1] as VLM to evaluate the following metrics.
1. Text accuracy. To calculate text accuracy metrics, such as Normalized Edit Distance (NED) and sentence accuracy
(Sen.Acc), we first instruct VLM to recognize texts through the following query prompt:

You are an expert in text recognition. Please recognize the text in the image and
output it line by line.

2. Image aesthetic and text-image alignment. We also employ VLM [1] to evaluate image aesthetic (Aes) and text-image
alignment (Text.Align), using the following query prompt:

Please evaluate the provided text-image pair according to the following two criteria.
The input consists of a prompt and a generated image.
1. Image Aesthetic: Assess the visual quality of the image, including factors such as

color harmony, contrast, and overall appeal.
2. Text-Image Alignment: Evaluate how well the generated image aligns with the given
prompt. For each criterion, provide:
- A score from 1 to 100 (where 1 = poor, 100 = excellent).
- A brief explanation justifying the score.
Return your evaluation in the following JSON-like format:
{

"Image Aesthetic": {



"score": <score>,
"comment": "<explanation>"

},
"Text-Image Alignment": {

"score": <score>,
"comment": "<explanation>"

}
}

F. More Details of the User Study
We employ 20 volunteers to conduct the user study with the generated images from GlyphAcc-Multilingual and GlyphAcc-
Complex benchmarks. They are asked to assess each image in terms of image aesthetic, text-image alignment, and glyph
accuracy. For glyph accuracy, the participants need to compare the rendered characters in the glyph image with the generated
ones. All of the above scores are within the range of 1 to 10. For each score, we average the results.

G. More Comparison Results
We provide more comparison results in this section. Fig. IV and Fig. V represent the results from GlyphAcc-Multilingual
and GlyphAcc-Complex, respectively. As shown in Fig. IV, most of prompt-guided methods fail to generate accurate glyphs
for some infrequent languages, as shown in the 3rd row of the figure. For the examples from Fig. V, existing methods exhibit
poor performance in rendering complex glyphs. In contrast, our GlyphPrinter outperforms in glyph accuracy across all these

A antique wooden plaque with 

gilded, carved characters 

indicating it's a "中華老字號"

establishment. The name of the 

shop "蔣馥齋鼻烟壶" is 

elegantly written. The plaque is 

hanging on a brick wall …

                               

                              

                                
                      

                     

                               
     …

An ancient astrological scroll is 

unrolled. The scroll's title "讖緯
災變錄" and a specific prophecy 

"熒惑守心之兆" are written in a 

archaic script. The scene is lit by 

a single, flickering candle …

AnyText2 EasyText    Qwen-Image      Glyph-Byt5-v2         

A colorful shot of a beautiful 

parrot perched on a stand. 

Speech bubbles are coming from 

its beak, with words “鸚鵡” and 

“學舌”. The background is a 

bright, tropical setting …

A breathtaking shot of a 

majestic eagle soaring high in 

the sky above a mountain range. 

The word for "翺翔", is written 

in a powerful, dynamic script. A 

"九萬里", is placed below to 

emphasize the scale …

Figure V. Comparison results on GlyphAcc-Complex.



A teddy bear is sitting on the 

bed, holding a pen and a kraft 

paper with the words "You 
never fail until you 
stop Trying" written in a 

colorful rock-style font.

A group of ancient people inside 

a stone cave, with carved

hieroglyphs " " 

on the walls. There is a fire in 

the center …

                           

                            

                                   

                         

                         

               …
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A teddy bear themed birthday 

cake, with multiple cute  

symbols "BCE" drawn in 

chocolate icing on the top. The 

side is surrounded by the phrase 

" " …

Figure VI. Comparison results under out-of-domain conditions.

A cyberpunk-style cityscape. A neon sign identifies "香港九龍寨城", Another neon sign, "龍蛇混雜", perfectly describes …

       SFT Oursw/o RRG        

An illustration from a book of Chinese mythology, showing the one-legged beast Kui. The name of the beast, "夔", and the drum 

made from its hide, "夔牛鼓", are labeled. A quote describing its power, "聲聞五百里", is written below ...

Figure VII. More results of ablation studies. The erroneous regions of each image are highlighted with green boxes.

cases, achieving a good balance between the stylization and precision.
In addition, we also illustrate the model performance on out-of-domain inputs, where we construct glyph conditions with

emojis and characters with stylized fonts. As shown in Fig. VI, only our method preserves fine-grained structural details of



the condition.
Fig. VII presents more results of ablation studies, demonstrating the effects of our key designs.
We further evaluate the performance of our GlyphPrinter against other comparison methods on the OneIG benchmark [2].

We first leverage Gemini [17] to generate the corresponding layouts using the query prompt below.

You are an image layout expert, specializing in designing which areas of a 1024×1024 image should contain
text. You will output rectangular text bounding boxes to indicate the positions of the text in the image, in the
format:

(x1, y1), (x2, y2), (x3, y3), (x4, y4)

(top-left, top-right, bottom-right, bottom-left). For each image, generate bounding boxes corresponding to the
number of sentences that need to be rendered from the prompt. The content within each bounding box should
be taken directly from the quoted prompt. You may split a sentence into smaller segments if it is too long, but
each split segment must also generate its own independent bounding box. Finally, provide an overall prompt for
the image, using placeholders such as <sks1>, <sks2>, . . . , <sksn> to denote the text that will be rendered.
Output the result in a JSON file.

As shown in Tab. I, our method achieves the best performance on both English and Chinese scenarios.

Table I. The quantitative results on the OneIG [2] benchmark.

Language GlyphPrinter (Ours) AnyText2 [18] EasyText [15] Glyph-Byt5-v2 [14] X-Omni [7] Qwen-Image [20]

NED Sen.Acc NED Sen.Acc NED Sen.Acc NED Sen.Acc NED Sen.Acc NED Sen.Acc
English 0.9704 0.8853 0.6314 0.5301 0.9571 0.8741 0.8060 0.7650 0.8930 0.6353 0.9432 0.8327
Chinese 0.9771 0.8932 0.7642 0.5089 0.9589 0.8808 0.9287 0.8274 0.7705 0.4199 0.9424 0.8630
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