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Abstract

Posters serve an essential function in marketing and adver-
tising by improving visual communication and brand visibil-
ity, thus significantly contributing to industrial design. With
the latest developments in controllable T2I diffusion models,
research interest has surged in text rendering within synthe-
sized images. Although text rendering accuracy has seen ad-
vancements, automatic poster generation remains a relatively
untapped area. This paper presents an automatic poster gener-
ation framework featuring text rendering capabilities through
the use of LLMs. Our framework employs a triple-cross atten-
tion mechanism based on alignment learning to achieve pre-
cise text placement within detailed contextual backgrounds.
Moreover, it supports adjustable fonts, varying image resolu-
tions, and poster rendering with textual prompts in both En-
glish and Chinese. Additionally, we present a comprehensive
bilingual image-text dataset, GlyphDraw-3M, comprising 3
million image-text pairs, each with OCR annotations and res-
olutions exceeding 1024. Our method utilizes the SDXL ar-
chitecture, and extensive experiments confirm its ability to
generate posters with intricate and context-rich backgrounds.

Introduction
Posters, as a prominent visual communication medium, have
an increasing demand for personalization and customiza-
tion in various fields of industrial design, whether in ad-
vertising, propaganda, marketing, or other areas. Although
the powerful generative capacity of large-scale T2I diffu-
sion models (Nichol et al. 2021; Ramesh et al. 2022; Rom-
bach et al. 2022; Saharia et al. 2022; Podell et al. 2023) en-
ables the creation of images with striking realism and detail,
and much research effort has been devoted to addressing the
limitations of text rendering in images generated by diffu-
sion models, research on automated poster generation is still
relatively limited. The goal of this paper is to endow the
diffusion system with the ability to automatically generate
posters. The key challenges we face include: 1) How to pre-
cisely generate fine details in small, paragraph-length text?
2) How to enhance the richness of the poster’s background?
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3) How to remove the need for manual user input and enable
automatic poster generation based on implicit user cues?

Current advancements in visual text rendering are primar-
ily built upon the ControlNet framework (Yang et al. 2024;
Tuo et al. 2023; Zhao and Lian 2023), which generally em-
ploys glyph reference images and detailed textual layouts
to guide the generation process. However, as depicted in
Fig. 2, the conventional ControlNet exhibits limited con-
trol over intricate details, while the small text elements in
the posters contain a significant amount of fine-grained in-
formation. Unlike the traditional global conditional control
approach, glyph control is restricted to specific regions, typ-
ically covering only a small fraction of the overall image
pixels, indicating a more localized control. To address these
differences, we propose a triple cross-attention method. Be-
sides the standard cross-attention computation in UNet for
interacting between image latent and semantic information,
we introduce two additional cross-attentions. The Q interac-
tion information is sourced from the image’s latent, while
the K, V interaction information for one comes from a fea-
ture obtained from the glyph image after glyph encoding and
is inserted only into the block corresponding to the SD de-
coder layer. This aims to capture the detailed glyph feature
information and enhance the rendering precision of small
text. The other K,V interaction derives from ControlNet fea-
tures and aims to adaptively learn conditional information,
ensuring the glyph’s coherence within the overall layout. We
introduced alignment target learning to enhance the richness
of the poster background. Despite multiple control condi-
tions, the aim is to align with the background output of the
original semantic prompt, maintaining model integrity while
ensuring accurate rendering and richness. To automate lay-
out creation and minimize manual input, we develop com-
prehensive instructional datasets and fine-tune open-source
LLMs for a seamless user experience during inference. Al-
though current LLMs lack the ability to predict personalized
fonts and colors, our framework inherently supports these
customizations, leaving automation choices to the user.

A key requirement for poster generation is high reso-
lution with an adjustable aspect ratio. Therefore, we use
SDXL (Podell et al. 2023), which requires high-quality data.
We collected specific poster data alongside open-source data
to enhance SDXL training. Additionally, we use a PEA strat-
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Figure 1: GlyphDraw2 enables seamless and automated generation, eliminating the need for manual box input.

egy (Ma et al. 2023a) to make the English SDXL version
multilingual in Chinese and English. Our contributions are
threefold.

• We present a novel framework for the automatic genera-
tion of poster images, incorporating LLMs fine-tuning, a
triple cross-attention and a semantic alignment module.

• We introduce GlyphDraw-3M, which incorporates visual
text with various aspect ratios and poster content. In ad-
dition, we propose two distinct evaluation benchmarks.

• Our final results enable specific attribute controls, such
as font diversity and color. Both quantitative and quali-
tative experimental outcomes showcase the superior per-

Figure 2: Details of images generated using the traditional
ControlNet method. Fine-grain inconsistencies between the
conditional maps and the generated images can be observed.

formance of GlyphDraw2 in poster generation.

Related Work
Controllable Text-to-Image Diffusion Models. Despite
text-to-image (T2I) diffusion models have achieved astound-
ing image generation quality, it still falls short of fulfilling
all user demands. Consequently, recent studies have pro-
posed to integrate various of conditions into T2I models
to cater to more specific user needs. A notable method is
model-based conditioning, wherein an auxiliary model is
employed to encode additional conditioning factors, which
are then incorporated into the diffusion model. For instance,
IP-Adapter (Ye et al. 2023) introduces a decoupled cross-
attention mechanism to separately process text and image
features, significantly enhancing image-based conditioning
and influencing further research (Ma et al. 2024; Wang et al.
2024a). Another significant approach is ControlNet (Zavad-
ski, Feiden, and Rother 2023), which adds an extra encoder
into the U-Net structure linked via zero convolution. This
technique helps to avoid overfitting and catastrophic forget-
ting, allowing ControlNet to utilize specific task inputs as
prior conditions for controlled generation. It has been widely
researched for its applications in spatial control (Jia et al.
2024; Qin et al. 2023), text rendering (Yang et al. 2024;
Zhang et al. 2023a), and 3D generation (Yu et al. 2023).

Text Rendering. With GlyphDraw (Ma et al. 2023b) es-
tablishing its work on text rendering last year, a series of out-
standing follow-up research has appeared. We classify these
developments into four categories. The first category aims to
enhance the accuracy of text rendering and its background
integration. GlyphDraw merges font and text attributes into
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a diffusion model, whereas TextDiffuser (Chen et al. 2024)
builds on this by incorporating a layout generation module
and character-aware Loss. GlyphControl (Yang et al. 2024)
presents ControlNet for text rendering, and AnyText (Tuo
et al. 2023) adds additional conditions like text glyph, posi-
tion, and masked image, along with a text perceptual loss.
Brush Your Text (Zhang et al. 2023a) introduces a local
attention constraint within the cross-attention layer to rec-
tify the incorrect positioning of scene text. The second cat-
egory improves character-aware text encoders. UDiffText
(Zhao and Lian 2023) develops and trains a lightweight
character-level text encoder to replace the standard CLIP
encoder, and Glyph-ByT5 (Liu et al. 2024) further refines
a character-aware ByT5 (Xue et al. 2022) encoder aligned
with glyph characteristics. DreamText (Wang et al. 2024b)
co-trains text encoders and generators to broadly learn and
apply various fonts from the training set. SceneTextGen
(Zhangli et al. 2024) utilizes a character-level encoder to
draw out detailed character-specific traits. The third category
mainly deals with the text layout, color, and other higher-
level image attributes in the generated outputs. TextDiffuser-
2 (Chen et al. 2023a) and ARTIST (Zhang et al. 2024) use
LLMs to anticipate font layouts. Refining T2I Generation
(Lakhanpal et al. 2024) integrates a text layout generator,
and Glyph-ByT5 incorporates font type and color control
during glyph-alignment pre-training. CustomText (Paliwal
et al. 2024) and SceneTextGen also consider various text at-
tribute controls. The final category enhances the base model
using training data. These studies (Esser et al. 2024; Team
2024) generally yield images with high coherence, but they
often show limited rendering of characters.

LLM-Generated Text-to-Image Conditions. Recent re-
search (Nie et al. 2024; Zhang et al. 2023b; Gani et al.
2023) has investigated leveraging LLMs to create detailed
conditions from user inputs, such as blob depictions, an-
notated sketches, object descriptions, and layout guidelines
to direct image generation. Specifically for layouts, Lay-
outGPT (Feng et al. 2024) and LayoutPrompter (Lin et al.
2024) utilize LLMs to produce stylesheet languages for
each object, including CSS, HTML, XML, etc. Addition-
ally, TextDiffuser-2, LLM Blueprint (Gani et al. 2023), and
Reason Out Your Layout (Chen et al. 2023b) exam the use of
LLMs to generate bounding boxes (bboxes) for each object
as a novel condition.

Methodology
Model Overview
The framework is divided into four parts, as depicted in
Fig. 3. The first part, Fusion Text Encoder (FTE), mainly
focuses on merging the characteristics of two modalities,
namely text prompt and rendered glyph image, thereby
ensuring the cohesive fusion of these modalities in the
produced images. The second, and more crucial, part of
our framework is the implementation of Triples of Cross-
Attention (TCA). At this stage, we add two separate cross-
attention layers to the SD decoder section. The first new
cross-attention layer promotes the interaction between glyph
features and the hidden variables within the image, thereby

enhancing the precision of rendering. Concurrently, the sec-
ond new cross-attention layer facilitates interaction between
ControlNet features and hidden variables in the image. In
the third part, we incorporate the learning of Auxiliary
Alignment Loss (AAL) for semantic consistency, aiming
to improve the overall layout and enrich the poster’s back-
ground information. Ultimately, in the inference stage, we
fine-tune LLMs to automatically interpret user descriptions
and produce the corresponding glyphs and coordinate posi-
tions within the condition framework. This approach aims to
achieve automatic poster generation.

Fusion Text Encoder
This method leverages concepts from prior works such as
Blip-Diffusion (Li, Li, and Hoi 2024), Subject-Diffusion
(Ma et al. 2024), and AnyText, and is frequently used as
a global condition control mechanism. In contrast to earlier
techniques, we employed InternViT (Chen et al. 2023c), a
more advanced image encoder expressly trained for charac-
ter data. Initially, the input glyph condition is converted into
a glyph image which is then fed into InternViT to extract
the relevant features of the glyph. Mirroring the approach of
AnyText, the glyph feature undergoes a linear layer for fea-
ture alignment when combined with the respective position’s
caption. This guarantees plug-and-play functional modular-
ity without the need for text encoder fine-tuning.

Triples of Cross-Attention
To guarantee precise glyph generation, we incorporate a
ControlNet module as conventional. Rather than simply
adding features within the decoder as previously, we pro-
pose an additional adaptive cross-attention layer positioned
after the initial cross-attention layer, depicted in Fig. 3. The
output of new cross-attention S

′
is computed as follows:
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the block in the U-Net decoder. Due to the asymmetric struc-
ture of SDXL’s encoder and decoder layers, we ignore the
interaction of the first block in the first two decoders. The
goal of this method is to prevent the ControlNet of the in-
put glyph condition, which only makes up a small portion
of the generated image, from impacting the richness of the
image’s background. Consequently, we implement adaptive
local position learning to maintain rendering accuracy while
producing images with superior layouts and backgrounds.

Furthermore, the rendering accurate of paragraphs re-
mains a significant challenge. To address this issue, we intro-
duce a second cross-attention layer, the output of the second
new cross-attention S

′′
is computed as follows:

S
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Figure 3: An overview of the proposed GlyphDraw2 freamework.
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, and the
C
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come from the glyph features obtained by InternViT,
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are learnable projection matrices, Drawing

inspiration from the previous work of IP-Adapter, it is im-
portant to mention that this cross-attention layer is inte-
grated solely within the corresponding block of the SD de-
coder layer. Changing the encoder layer could interfere with
the features derived from the ControlNet. Numerous experi-
ments have shown that the ControlNet’s functionality relies
heavily on preserving its largely unaltered encoder architec-
ture. Additionally, it is essential for the ControlNet to retain
an identical copy of the SD encoder, employing zero initial-
ization.

In combination with the existing cross-attention layer of
each block, the final TCA output is the sum of the three lay-
ers as follows:

STCA = αS + βS
′
+ γS

′′
, (3)

where α, β, γ are constants to balance the importance of the
three cross-attention layers.

Auxiliary Align Loss
In the context of our poster generation application, besides
emphasizing the accuracy of glyph generation and back-
ground harmony, we must also concentrate on the richness
of the image background. Our method inevitably adds extra
condition injections, which include the ControlNet feature
addition and the TCA strategy, increasing the number of de-
coder components. The main aim of these conditions is to

ensure the controllability of the generated image. However,
many studies have indicated that controllability often leads
to a reduction in editability or text consistency. Hence, we
integrate AAL into our approach. The alignment model uses
SDXL as its foundation, similarly to how ControlNet em-
ploys a duplicated SD encoder. In our method, however, we
replicate the SD decoder and apply AAL between the cross-
attention outputs of each block in the duplicated decoder and
those in the original cross-attention layer of the TCA. The
main goal of this approach is to minimize the influence of
additional modules used for learning glyphs on the overall
layout and image quality. Consequently, our AAL for se-
mantic consistency L′ can be expressed as follows:

L′ = ∥softmax

(
QKT

√
d

)
·V − softmax

(
QKT

c√
d

)
·Vc∥,

(4)
where Kc and Vc denote the CA output within each block of
the replicated U-Net decoder. The ultimate loss function can
be expressed as follows with a crucial hyperparameter λ:

L = EE(x0),C,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, C)∥22

]
+ λL′. (5)

Inference with Fine-tuned LLMs
To achieve automated poster creation, the final issue that re-
quires immediate resolution is removing the need for manual
involvement, specifically in the predefined image layout pro-
cess. We depend entirely on the user’s caption descriptions
and employ LLMs to address this challenge. Additionally,
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Figure 4: The procedure of training data generation.

for ease of use, we have developed our own instructional
dataset and fine-tuned an open-source language model.

Experiments
Implementation Details and DataSet
Our model is composed of two primary components. The
first is a controllable T2I poster model, with SDXL serving
as the backbone of our system. To enhance the multilingual
comprehension capabilities of the SDXL encoder and main-
tain linguistic coherence between the poster background and
the generated text, we integrate the PEA-Diffusion strategy
(Ma et al. 2023a) into the core structure. The second compo-
nent is a layout generation model derived from LLMs. For
further training details, please see the Appendix.

Previous datasets mainly focus on text-image datasets
specifically designed for monolingual text rendering, such as
LAION-Glyph (Yang et al. 2024) and MARIO-10M (Chen
et al. 2024) for English production, which also show some
limitations in terms of text layout.

Based on this, we have developed a bilingual GlyphDraw-
3M. Initially, we established a data cleaning pipeline from
open-source datasets as shown in Fig.4, internally collected
data, and purchased data. This process includes resolution
filtering, detailed PP-OCR(Li et al. 2022) recognition filter-
ing, BLIP2 (Li et al. 2023) regeneration of image descrip-
tions, specific aesthetic scoring filtering for poster data, and
the removal of very small fonts using LaMa (Touvron et al.
2023), among other processes. In the end, we accumulated
3 million bilingual samples with detailed labels. For more
dataset information, please refer to the Appendix.

Evaluation
Benchmark. We aim to evaluate our method and other
state-of-the-art (SOTA) techniques over five benchmarks.
These consist of three publicly available datasets - AnyText-
Benchmark (Tuo et al. 2023), ICDAR13 (Karatzas et al.
2013), and MARIO-Eval (Chen et al. 2023a) - as well as
two benchmarks introduced in this paper, namely Complex-
Benchmark and Poster-Benchmark. More information

about these benchmarks can be found in the Appendix.
Evaluation metrics. To evaluate these sets, we apply four

metrics to determine the precision and quality of poster cre-
ation: (1) Accuracy (Acc), which evaluates the ratio of ac-
curately generated characters in the rendered text relative to
the total characters required to be rendered. (2) Normal-
ized Edit Distance (NED), which is calculated using the
same method as AnyText. (3) ClipScore, which assesses
how well the generated image matches the text prompt. (4)
HPSv2(Wu et al. 2023), which determines whether the gen-
erated images meet human preferences and serves as an in-
dicator of image quality in terms of human preferences.

Compared methods. In our analysis, we evaluate a vari-
ety of methods, mainly divided into three categories. The
first category consists of recently open source large-scale
text generation models with rendering capabilities, such
as SD3 (Esser et al. 2024), Kolors (Team 2024), and the
FLUX.1 series developed by Black Forest Labs. Notably,
SD3 and FLUX.1 support only English. The second cate-
gory includes open-source text rendering methods, encom-
passing the TextDiffuser series, AnyText, UDiffText, and
Glyph-ByT5. The third category comprises comparative ex-
periments using the basic ControlNet framework.

Experimental Results
In the following section, we present an extensive analysis
of both quantitative and qualitative results, comparing our
approach with SOTA methods in text rendering and poster
creation. All comparative experiments are shown in Table1.
GlyphDraw1.1 means that ControlNet’s conditional input
and InternViT’s input are rendered images of static fonts.
GlyphDraw2 indicates that the conditional input for Con-
trolNet is the Canny image of the corresponding real glyph
in the picture, while the InternViT input is the actual glyph
from the specific picture, as illustrated in the framework in
Fig.3. Furthermore, the accuracy in AnyText-Benchmark is
measured using the PWAcc metric, which assesses the accu-
racy of words generated at specific positions, while the Acc
metric is employed in other evaluation sets.

AnyText-Benchmark. For a fair comparison, all meth-
ods use the DDIM sampler with 50 sampling steps, a CFG
scale of 9, a fixed random seed of 100 and exclude LLM.
Each prompt generates a single image with the same pos-
itive and negative signals. From the results, it is clear that
our model attains notably higher accuracy in rendering both
Chinese and English text compared to AnyText. Further-
more, ClipScore is similar and HPSv2 is substantially bet-
ter. For other approaches, TextDiffuer performs significantly
worse in Chinese text generation; UDiffText does not sup-
port Chinese, and its open-source weights only support edit-
ing. Hence the metrics evaluated here result from directly
editing the bbox content in AnyText-Benchmark. Addition-
ally, it only supports generating up to 12 characters and
does not support longer text generation. It is also crucial to
highlight that the Glyph-ByT5 model shows certain advan-
tages over other models, including ClipScore and HPSv2
in regards to image-text alignment and human preference
metrics. However, our subjective evaluations indicated that
Glyph-ByT5 occasionally fails to generate fonts within the
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Evaluation
Benchmark Model Chinese English

Acc NED ClipScore HPSv2 Acc NED ClipScore HPSv2

AnyText-
Benchmark

SD3 - - - - 0.3261 - 0.4517 0.2215
Kolors 0.0665 - 0.4011 0.2654 0.0243 - 0.4854 0.2512

FLUX.1-schnell - - - - 0.3884 - 0.4914 0.2541
ControlNet 0.7598 0.8254 0.3749 0.2347 0.7098 0.8467 0.4558 0.2245

ControlNet w/ canny 0.7804 0.8365 0.3752 0.2384 0.7954 0.8745 0.4599 0.2287
TextDiffuser† 0.0605 0.1262 - - 0.5921 0.7951 - -
AnyText-v1.1 0.7661 0.8423 0.3968 0.2272 0.7108 0.8564 0.4721 0.2121

UDiffText - - - - 0.6435 0.8284 0.4645 0.2214
Glyph-ByT5 0.7227 0.7799 0.4005 0.2601 0.7307 0.8353 0.4802 0.2511

GlyphDraw1.1 w/o LLMs 0.7892 0.8476 0.3921 0.2555 0.7369 0.8921 0.4616 0.2350
GlyphDraw2 w/o LLMs 0.8266 0.8543 0.3986 0.2589 0.8627 0.9278 0.4796 0.2451

ICDAR13 UDiffText - - - - 0.5840 0.7221 0.4521 0.2101
GlyphDraw2 - - - - 0.6901 0.7629 0.4657 0.2345

MARIO-Eval TextDiffuser†† - - - - 0.5609 - - -
GlyphDraw2 - - - - 0.7672 0.9330 0.4765 0.2464

Complex-
Benchmark

SD3 - - - - 0.2515 - 0.4391 0.2492
Kolors 0.0198 - 0.3878 0.2546 0.0033 - 0.4254 0.2546

FLUX.1-schnell - - - - 0.2969 - 0.4298 0.2544
ControlNet 0.6943 0.8745 0.3589 0.2364 0.2254 0.4025 0.4214 0.2385

ControlNet w/ canny 0.7546 0.8812 0.3512 0.2386 0.4215 0.4532 0.4311 0.2298
AnyText-v1.1 0.5749 0.8560 0.3633 0.2434 0.0342 0.3755 0.4104 0.2312
Glyph-ByT5 0.7895 0.8263 0.3711 0.2455 0.4834 0.7034 0.4256 0.2412

GlyphDraw1.1 w/o LLMs 0.7176 0.8991 0.3600 0.2422 0.2791 0.4332 0.4160 0.2395
GlyphDraw2 w/o LLMs 0.9051 0.9037 0.3702 0.2411 0.5574 0.4928 0.4211 0.2414

LLMs+ControlNet 0.5812 0.8012 0.3687 0.2365 0.1856 0.5841 0.4215 0.2356
TextDiffuser-2 - - - - 0.0999 0.4428 0.3985 0.2285

LLMs+AnyText-v1.1 0.4850 0.7888 0.3697 0.2534 0.0455 0.4680 0.4038 0.2380
GlyphDraw1.1 0.6215 0.8479 0.3756 0.2427 0.2264 0.6273 0.4362 0.2415
GlyphDraw2 0.6691 0.7975 0.3754 0.2498 0.4158 0.6294 0.4312 0.2488

Poster-
Benchmark

SD3 - - - - 0.2310 - 0.4128 0.2337
Kolors 0.0426 - 0.4110 0.2510 0.0020 - 0.4120 0.2421

FLUX.1-schnell - - - - 0.3744 - 0.4215 0.2541
ControlNet 0.7878 0.8453 0.3844 0.2298 0.3421 0.7514 0.3902 0.2125

ControlNet w/ canny 0.7911 0.8541 0.3801 0.2225 0.5012 0.8014 0.3955 0.2106
TextDiffuser-2 - - - - 0.1046 0.3623 0.3914 0.2110

LLMs+AnyText-v1.1 0.7421 0.8894 0.3956 0.2362 0.2604 0.7120 0.4093 0.2289
Glyph-ByT5 0.8248 0.9040 0.4012 0.2366 0.7341 0.8411 0.4101 0.2354

GlyphDraw1.1 0.8215 0.9590 0.3908 0.2378 0.3999 0.7667 0.3984 0.2297
GlyphDraw2 0.8263 0.9585 0.3987 0.2314 0.7590 0.8759 0.4114 0.2301

Table 1: Evaluation Results on five benchmarks.

specified bboxes, suggesting a level of uncontrollability.
ICDAR13. UDiffText imposes certain limitations during

the testing phase on the ICDAR13 evaluation set. For exam-
ple, the authors opted to edit only 100 words for their anal-
ysis and disregarded letter casing in the evaluation process.
Additionally, the Acc metric they employed is at the charac-
ter level rather than the word level. We have removed these
constraints and re-evaluated the ICDAR13 set using UD-
iffText, resulting in a comparative analysis. Our outcomes
demonstrate clear superiority in four different metrics.

MARIO-Eval. Similarly here, the result represented by
TextDiffuser†† comes from the TextDiffuser itself. Since we
can’t get the open-source model, we only compared the Acc
metrics. Our result has a significant advantage.

Complex-Benchmark. In addition to comparing three
large T2I models, we conduct two types of comparison ex-
periments. The first type, based on character count and size,
randomly assigns bboxes. This experiment aims to test the

upper limit of the model’s complex glyph generation accu-
racy without b-box restrictions. The second type uses fine-
tuned LLMs to predict rendered characters and their cor-
responding b-boxes, evaluating the complex glyph genera-
tion ability in real-world scenarios. This approach provides
a more in-depth evaluation and comparison of the automatic
text generation functionality. Firstly, in the comparison of
the three T2I models, despite Kolors’ support for Chinese
rendering, it is found that its ability to generate complex
characters is relatively weak, with an accuracy (Acc) of only
0.02. In the English evaluation set, FLUX.1 with 12 billion
parameters shows a significant advantage. Secondly, in ex-
periments with randomly assigned bboxes, GlyphDraw2 ex-
hibits significant advantages in both Acc and Normalized
Edit Distance (NED) metrics in both Chinese and English
evaluation sets. In the English evaluation set, AnyText’s ren-
dering accuracy is notably low. Although GlyphDraw2’s
accuracy isn’t particularly high, it far exceeds AnyText’s
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Model Chinese
w/

CAG
w/

CAC
w/

TCA
w/

AAL
w/

FTE Acc ClipScore HPSv2

0.7782 0.4098 0.2464
✓ 0.8014 0.3968 0.2365

✓ 0.7845 0.4104 0.2488
✓ ✓ ✓ 0.8154 0.4099 0.2484

✓ 0.7689 0.4121 0.2455
✓ ✓ ✓ ✓ 0.8122 0.4108 0.2444

✓ 0.7841 0.4067 0.2476
✓ ✓ ✓ ✓ ✓ 0.8161 0.4099 0.2401

w/
T5

w/
CB

w/
FT
CB

w/
PP-

OCR

w/
IV Acc ClipScore HPSv2

✓ 0.7951 0.3996 0.2361
✓ 0.7981 0.4012 0.2341

✓ 0.8017 0.4004 0.2334
✓ 0.8014 0.3996 0.2302

✓ 0.8263 0.3987 0.2314

Table 2: Ablation Results on Poster-Benchmark in Chinese.

performance. In the Chinese evaluation set, GlyphDraw2
demonstrates a slight ClipScore advantage over other meth-
ods, except Glyph-ByT5. Lastly, we compared our approach
with TextDiffuser-2, which also automatically predicts b-
boxes. TextDiffuser-2 does not support Chinese, and its met-
rics in the English evaluation set are low. Analysis reveals
significant issues with TextDiffuser-2’s language model pre-
dictions, including incorrect and missing characters. For a
fair comparison with AnyText, we use bboxes generated by
our fine-tuned language models as input for AnyText. Con-
sistent with previous results, our approach shows a substan-
tial advantage in terms of accuracy metrics.

Poster-Benchmark. As shown in Table 1, performance
of the three T2I large models is similar to that of the
Complex-Benchmark. Beyond excellent text rendering abil-
ities, FLUX.1 shows significant strengths in image-text
alignment and human preference metrics. Moreover, it
should be highlighted that Glyph-ByT5 has outperformed
GlyphDraw1.1 in several metrics, and the Accuracy metric
in the Chinese evaluation set is nearly equivalent to Glyph-
Draw2. This suggests notable advantages and potential in
employing the fine-tuned ByT5 as the character encoder.

LLMs layout prediction experiment. We evaluate 1000
prompts at random, using the accuracy of the predicted for-
mat as our metric. Although a correct format prediction does
not necessarily guarantee the correctness of the actual ren-
dering position, such errors are typically minor. We compare
three models: Qwen1.5 (Bai et al. 2023), Baichuan2 (Yang
et al. 2023), and Llama2 (Touvron et al. 2023). For Qwen1.5,
we test three different model sizes, whereas the other two
models are evaluated with two sizes each. For additional ex-
perimental details, please see the Appendix.

Ablation Studies
The first part uses a comparison method by integrating mod-
ules into the ControlNet base model. The second part fo-
cuses on ablation and comparison of the glyph encoder
structure from InternViT as shown in Fig. 3.

TCA. TCA incorporates two CA layers, and each is val-
idated separately. The w/ CAG setup, where glyph features

are used as K, V for CA interaction, shows that while ACC
improve, ClipScore and aesthetic metrics slightly decrease,
suggesting enhanced rendering accuracy at the cost of text
semantic alignment. CAC, derived from ControlNet encoder
features, demonstrates that adaptive feature interaction gen-
erally boosts rendering accuracy, text semantic alignment,
and aesthetic metrics. The w/ TCA setup, which involves the
complete TCA module, shows improvements in ACC, and
other metrics, confirming the TCA module’s positive impact
on rendering accuracy and image aesthetics.

AAL. As observed from the 5th row in the first part
of Table 2, this approach enhances the semantic alignment
and slightly improves image quality, though it compromises
some rendering precision. Moreover, combining both the
TCA and AAL strategies results in a notable improvement
in metrics over using the AAL strategy alone.

FTE. In the seventh row of Table 2, the metrics are moder-
ately impacted. The inclusion of glyph feature information
by FTE improves rendering precision. Nevertheless, merg-
ing image modalities can reduce text semantics alignment,
leading to a minor drop in ClipScore.

Glyph encoder. Given that the output of the glyph en-
coder significantly influences the entire system and feeds
into the FTE module, and the CAG module within the TCA
module, we run numerous experiments to show that the
glyph encoder’s encoding ability is positively linked to over-
all model performance, further proving the framework’s ef-
fectiveness. The primary experiments included: 1) Encod-
ing text directly for rendering using ByT5, which avoids
the need for SentencePiece vocabulary by inputting UTF-8
bytes directly without preprocessing; 2) Encoding text di-
rectly for rendering using ChineseBERT (CB) (Sun et al.
2021), integrating glyph, pinyin, and character embeddings;
3) Expanding on experiment 2, we incorporate concepts
from UDiffText and Glyph-ByT5 by fine-tuning CB within
the CLIP model framework, using PP-OCR on the image
side; 4) Converting text into image information first and then
encoding it with PP-OCR. In this section, five experiments
compare different encoders within the framework. Two main
conclusions emerged. Firstly, using a text encoder directly is
less effective than using a visual encoder, even with com-
parative learning framework fine-tuning. Secondly, a visual
encoder with greater capacity and extensive training on text-
related images outperforms a traditional OCR encoder.

Conclusion
In this study, we first collected high-resolution images con-
taining Chinese and English glyphs and subsequently con-
structed an automatic screening process to build a large-
scale dataset. Subsequently, we establish a comprehensive
framework that merges text and glyph semantics, leveraging
various tiers of information to optimize rendering accuracy
and richness of the background. Empirical analysis from ex-
periments demonstrates that our methodology surpasses ex-
isting models on various evaluation sets, suggesting poten-
tial to serve as a foundation for enhancing automatic poster
generation capabilities.
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