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A. Dataset Statistics and Evaluation Metrics

We present statistics on the number of text boxes, words, and characters across
the entire glyph-text dataset and the paragraph-glyph-text dataset in Figure

B. Training Settings

Table [1] and Table [2] detail the hyperparameters for training Glyph-ByT5 and
Glyph-SDXL, respectively. Glyph-ByT5 is trained with 4xA100 GPUs while
Glyph-SDXL is trained with 32x MI200 GPUs.

C. Typography Editing with Region-wise SDEdit

Inspired by the success of SDEdit |2| and Blended Latent Diffusion [1], we intro-
duce a region-wise SDEdit scheme, transforming our Glyph-SDXL into a precise
and adaptable visual text editor. This enables the refinement of visual text in
high-quality images produced by state-of-the-art (SOTA) generation models,
such as DALL-E3. The typography editing outcomes are displayed in Figure [3]
showcasing our approach’s robust capability for precise typography editing.
Region-wise SDEdit Scheme: For any given input image, tq steps of noise are
initially added. Beginning at time step tg, the Glyph-SDXL model is employed
iteratively on the noised image to perform denoising. To ensure modifications
are confined exclusively to glyph pixels—thereby keeping background pixels un-
touched—only glyph areas undergo denoising throughout this phase. The process
progresses until timestep ¢1, at which point the entire image undergoes denoising
to guarantee overall coherence. Figure 2 depicts the framework of our region-wise
SDEdit scheme.

Effect of Hyperparameter Choice: This section investigates the impact of
varying the hyperparameters ty, and t¢;. Initially setting ¢; to 300, we explore

i yuhui.yuan@microsoft.com


https://glyph-byt5.github.io

2 Zeyu Liu et al.

Hyperparameter | Glyph-CLIP-Small| Glyph-CLIP-Base |Glyph-CLIP-Large  Hyperparameter Glyph-SDXL-Small|Glyph-SDXL-Base|Glyph-SDXL-Large
Text Encoder By T5-Small ByT5 Basc ByTh-Large VI,CXl Encoder Glyph-ByT5-Small| Glyph-ByT5-Base | Glyph-ByT5-Large
Vision Encoder DINOv2 ViT-B/14|DINOv2 ViT-L/14|DINOv2 ViT-g/14  UNet Learning-rate 5.00E-05 5.00E-05 5.00E-05
Peak Learning-rate 5.00E-04 5.00E-04 5.00E-04 ;"XL‘ hE;.‘”‘]” Learning rate lufrs o "";’.rg o "“f.rg o

i . ’ - atch Size 2 5 5
Batch $1z0 1‘136 10r2fl l‘jS Epochs 10 10 10
Epochs . 5 > > Weight Decay 0.01 0.01 0.01
Warmup Iterations 100 100 100 Text-Encoder Weight Decay| 0.2 0.2 0.2
Weight Decay 0.2 0.2 0.2 Text-Encoder Dropout 0.1 0.1 0.1
Text-Encoder Dropout] 0.1 0.1 0.1 Gradient Clipping 10 10 10
Table 1: Glyph-ByT5 pre-training hyper- Table 2: Glyph-SDXL model training
parameters. hyper-parameters.
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Fig. 1: Tllustrating the statistics of our Glyph-Text Dataset and Paragraph-Glyph-
Text Dataset For Glyph-Text Dataset: (a) # of text boxes, (b) # of words, (c¢) # of
characters. For Paragraph-Glyph-Text Dataset: (d) # of text boxes, (e) # of words,
(f) # of characters. We can see that the glyph images of Paragraph-Glyph-Text consist
of a much larger number of words and characters.

the consequences of altering to. Figure [l] demonstrates that a higher ¢, is essen-
tial for comprehensive editing of glyph latents. Conversely, a lower ¢y retains a
greater portion of the original latents, leading to inconsistencies and diminished
performance.

Subsequently, with ¢ established at 800, we examine how different ¢; values
influence the outcome. As shown in Figure [f] a larger ¢; promotes improved
coherence between the areas inside and outside the glyph boxes, albeit at the
cost of significant alterations to the background image. A smaller ¢;, however,
preserves the original background at the expense of reduced coherence.

D. More ablation experiments

Glyph Augmentation We study the effect of glyph augmentation during
Glyph-Alignment pretraining. As indicated in Table[3] glyph augmentation pro-
vides a notable improvement compared with non-augmented settings, peaking
at around 1:16. Notably, we also observe that font-type and color control only
occur when the ratio reaches or exceeds 1:16, also indicating its effectiveness.
Loss Design We study the effect of choosing different training loss designs and
report the detailed comparison results in Table[d] It is evident that the proposed
box-level contrastive loss achieves favorable performance.

Comparison with ControlNet-style Model To validate the effectiveness of
our customized text encoder against other forms of feature guidance, we fine-tune
a representative ControlNet-style SDXL model, i.e., GlyphControl , and report
results in Table[5] We can see that our Glyph-SDXL significantly performs better,
and the performance gap increases with a larger number of characters. This
indicates that the ControlNet-style model, conditioned on rendered text masks,
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Fig. 2: Illustrating the overall pipeline of Region-wise SDEdit for Typography-Editing.
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Fig. 3: lllustrating typography editing results based on our Glyph-SDXL.
Original images generated by DALL E3 are displayed in the 1st, 3rd, and 5th columns,
while images edited by Glyph-SDXL are shown in the 2nd, 4th, and 6th columns,
respectively.

suffers from fundamental limitations when handling paragraph-level dense visual
text.

Comparison with Aligning Directly with SDXL Latent Space We com-
pare our approach with directly aligning with SDXL’s latent space, i.e. using
SDXL-VAE as the visual encoder. As indicated in Table [} SDXL-VAE is weak
at extracting reliable visual text features and lags behind DINOv?2 significantly.

Ablation on other Text Encoder Fusion Scheme One might question the
effectiveness of a basic approach that concatenates the text embeddings from
different text encoders. The comparison results are detailed in Table [7]] Empiri-
cally, we find that this baseline underperforms significantly due to the substantial
discrepancies among the text encoders.

Qualitative Analysis To gain a deeper understanding of how our Glyph-ByT5
excels at the visual text rendering task, we further visualize the cross-attention
maps between glyph text prompts and rendered images, providing an example in
Figure [6] This visualization confirms that the diffusion model effectively utilizes
the glyph-alignment prior encoded within our Glyph-ByT5 text encoder.
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