Conditional Text-to-Image Generation with Reference Guidance

Supplementary Material

A. Additional Technical Details
A.1. Auxiliary Network Architecture

We provide details of the auxiliary recognition network ar-
chitecture. The auxiliary network is composed of the en-
coder and the recognition head. The encoders for the text
image generation and logo image generation share the same
encoder structure. The shared encoder network consists of
multiple encoding blocks, each sharing the structure of the
blocks in the VAE network of the diffusion model. More
specifically, each encoder block comprises a GroupNorm
layer, two Residual blocks, and another GroupNorm layer,
where the number of groups is set to 16. We use four en-
coding blocks for both text recognition and log recognition
networks. Except for the last encoder block, the spatial di-
mension is down-sampled by the factor of 2 using the con-
volution layer with stride=2.

Text recognition head. The text recognition head is
composed of four cross-attention layers, where the cross-
attention is computed between the sequence of input im-
age tokens and the sequence of positional embeddings cor-
responding to the characters of the output text word. The
cross-attention we compute here can be formulated as:
rz”
Attention(r,z,z) = softmax(——=)z, (1)

Vi

tion over the character set at each character position j de-
noted as oy, j € RI!Cl. For each position, we apply cross-
entropy loss between the one-hot label y; € RI€l. For MLT
loss, we use the same loss design, but the output dimension
is extended to 847 to cover all the characters of the target
languages.

A.2. Additional Details of Augmented CFG

Classifier-free guidance [21] considers sharpened poste-
rior distribution Py(z|c) o« Py(z)Py(c|z)*. Using Bayes’
rule for some timestep ¢,
V2 log Py(z¢|c) = Vz, log Py(z+) 5)
+ w(Vz, log Py(zt]e) — Vy, log Po(z)).

Since the score function is parameterized with €y, we have
€t = ee(zt, c,t)+ w(ee(zt, c,t) — eg(zt, @,t)), 6)

where €4 (z!, @, ) denotes unconditional € prediction with
an empty text prompt.

Similarly we model the posterior distribution that can be
represented as,

Py(z|s,m, ¢) < Py(z)Ps(s,m,c|z)“"

7
- Py(z) Py(s, m|z) P Py(c|z) . @)

Similarly, for some timestep ¢,

V2 log Py(z¢|s,m, ¢) = Vy, log P(z¢)

where r is the sequence of positional embeddings corre-
sponding to i'" character of the word, and Z is the encoding
from the auxiliary encoder.

+ wan (Vz, log Py(z¢|s,m,¢) — Vz, log Py(zt))
—+ Wref (Vzt log Py (Zt|S7 m, @) — Vzt log Pg(zt))
+ wprompt (Vz, log Py(2z¢|, D, ¢) — Vz, log Py(z¢)) .

Logo recognition head. The recognition head for the
auxiliary logo recognition network is composed of a sin-
gle fully connected layer, where the output dimension cor-
responds to the size of the logo set.

Text Recognition Loss. The text recognition loss that we
use is defined as below,

r;, = RolAlign(z°, By) )

0 = ¢recog(rk) 3)
—1 L

Lrecog = T Zl Yj IOg 0k 5, (4)
]:

where By, is the bounding box label for k-th region in the
image, oy, is the network output, and L denotes the length
of the word in the k-th region. j is an enumerator for each
character in the word. We predict the probability distribu-

®)

From this, we derive,

" = ep(concat(z’, @, @), @, )

Unconditional

+Wprompt [eg(concat(zt, @,@),c,t) — eg(concat(z’, @, @), @, t)]

Caption Guidance

+ Wret [69 (concat(z’,s,m), &, t) — ep(concat(z’, &, @), @, t)}

Reference Guidance

+ wan [e(concat(zt, s,m), c,t) — e(concat(z’, @, @), &, t)},

All Guidance
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A.3. Additional Details of Datasets

MARIO-10M [12] is a compilation of data from various
publicly accessible sources, including the LAION-400M



[53], TMDB [6], and Open Library datasets. The images
within this dataset are filtered by a text detector and anno-
tated by an OCR model. A training set containing 10 mil-
lion images with English-only annotations are utilized for
training.

ICDAR2019 [14] stands as a multi-lingual text (MLT)
dataset initially curated for text detection and recognition.
This dataset contains 10,000 training images and provides
coordinates of each text word with corresponding character
labels. We use a subset with six languages, including En-
glish, French, German, and Italian to train our MLT image
generation from this dataset.

FlickLogos-32 [49] contains 8,240 images with 32 logo
brands. This dataset was originally collected for the logo re-
trieval and logo detection/recognition tasks. We use a subset
of 2,240 images that contain at least one logo as the training
set for the logo image generation task.

Logos in the wild (LITW) [61] comprises 11,054 images
obtained from the Google image search engine, featuring
871 unique brands. We filter the dataset by excluding im-
ages with logos smaller than 45 pixels high and images with
no logo. After filtering, a total of 4,206 images are obtained
for training.

LAION-Aesthetics [4]. LAION-5B [54] is a large-scale
dataset of image-caption pairs. LAION-Aesthetics is the
subset of LAION-5B, filtered by a trained aesthetic score
predictor, and contains only high aesthetic score (above 6.5)
images. This dataset does not provide any annotations of
text or logo, and is included in our training to prevent over-
fitting and catastrophic forgetting.

Aesthetic text dataset (AText). We collect an additional
dataset for English text generation with high-aesthetic and
high-artistic images from the Internet [5]. We measure the
aesthetic scores of the images using a pretrained model from
[54] and exclude those with low aesthetic scores. We run
an OCR model to detect text regions and annotate the text
within the regions. Example images are shown in Figure 5.

Synthetic logo/text dataset. Due to the limited numbers
of MLT and logo training samples from public datasets,
we augment the training set with synthesis. We use high-
resolution images from public datasets as the background
and render the target text or logo. For the multi-lingual ex-
periment, we use an E-book text corpus [1] and translate the
text into the target languages of interest. For the logo image
experiment, we use publicly available icon images [3] as
the target objects to be rendered on the background images
(Figure 4). In total, we obtain 23,892 synthetic logo images
and 184,912 synthetic MLT images.

A.4. Additional Details of Benchmarks

Benchmark for English generation. We adopt the
MARIO-Eval [12] benchmark to assess the model per-
formance in generating English scene-text images. The
MARIO-Eval benchmark contains 5,414 prompts. This
benchmark is composed of six different subsets, each a
subset of multiple benchmarks, including DrawBenchText
[39], DrawTextCreative [39], ChineseDrawText [41], and
Mario-10M test set [12]. Following the protocol [12],
we exclude images generated from ChineseDrawText and
DrawBenchText, hence 5,000 images are used for measur-
ing FID.

Benchmark for multi-lingual generation. Due to the
lack of pre-existing benchmarks for MLT image generation,
we developed a new benchmark for model evaluation on
nine different languages. We create 25 prompt templates,
such as “A raccoon holding a paper saying words.”. We
exclude the non-English target words from the prompts, as
they cannot be processed by the text encoder. Each prompt
is designed to include up to three words in the image. Ex-
cept for English, we allocate the rest of eight languages a
set of 200 prompts, and 400 for English, yielding 2,500
prompts in total. For computing FID, we construct a set of
images by randomly sampling a subset of the ICDAR2019
dataset.

Benchmark for logo generation. We additionally con-
struct a benchmark for logo image generation. Specifically,
we create 25 template prompts, e.g., “A building display-
ing a [KEYWORDY] sign.”, where [KEYWORD] here is the
name of the logo. We obtain 150 logos in total, which is
the union of the class of FlickrLogos-32 dataset [26] and
LITW dataset, yielding 1,500 prompts in total. For com-
puting FID, we construct an image set sampled from the
merged set of FlickrLogos-32 [49] and LITW [61] dataset.

A.5. Text Image Editing Details

We elaborate on the extension of our model for text image
editing. In line with [12], we augment the input channel
by incorporating additional encoded latent obtained from
masked images. Specifically, we use VAE to encode an im-
age containing masked regions and concatenate the encoded
latent with the original model input. We use the same VAE
used for reference image encoding to encode the masked
image, and noise is not added to the resulting latent. Conse-
quently, we obtain an augmented input X! € RBet1)xhxw
as depicted below:

%! = concat(z!, s;, m;, zZ"ked), (10)

where zasked ¢ ReXhxw denotes VAE encoded latent of
the masked image. During training, along with the text re-
gion, we randomly select an additional 1-3 random regions
to be masked. During inference, we mask the region to be



modified. We provide additional qualitative results in Ap-
pendix C.

B. Additional Ablation Studies

In this section, we discuss additional ablation studies.

B.1. Ablation Study on Languages

Per language comparison. We provide OCR Accuracy
for each language and compare it with the existing methods
in Table A. Remarkably, our model is shown to be the most
accurate, as it surpasses existing methods across all average
accuracy metrics, including the average of Latin, non-Latin,
and the entire language set by a significant margin. More-
over, our method achieves high English accuracy compara-
ble to that of TextDiffuser, which was tailored for English
image generation. Although TextDiffuser shows high ac-
curacy in some languages, such as English and German,
it shows incapability in the rest of the language set, as it
achieves 0 accuracy. In contrast to TextDiffuser, our method
can generate text in all languages, and this demonstrates the
multi-lingual capability of our model.

Latin v.s. non-Latin. Our model exhibits higher OCR
Accuracy scores in Latin languages such as English, Ital-
ian, German, and French (Tables A and B). It is noteworthy
that for Russian, Thai, and Greek, our model is exclusively
trained on synthetic images, yet it achieves comparable or
superior FID and CLIP scores compared to the results for
Latin languages. Given that the model was pretrained on a
large-scale English dataset [12], we speculate that this con-
tributes as one factor to its superior performance in Latin
languages.

Different levels of complexity among languages. We
note that different languages present different levels of
complexity, with some being more challenging to generate
accurately (Tables A and B). For instance, the size of the
alphabet in English is 26, whereas in Thai, the size is 59.
In addition, in languages such as Thai and Greek, diacritics
are combined with other letters, and extra complexity is
added. Some of the predictions that our model makes
look similar to the actual word, but are evaluated to be
incorrect due to the mis-generation of diacritics. Besides,
the shapes of characters in non-Latin languages (e.g.,
Bengali), are notably more intricate than Latin characters,
whose alphabet typically requires a greater number of
strokes to form.

B.2. Ablation Study on CFG scheduling

We provide an ablation study on the proposed Augmented
Classifier-Free Guidance with scheduling detailed in Ap-
pendix A.2 in Appendix A.2. For better reference, we re-

peat the Equation (9) as below:

é" = ep(concat(z’, @, @), @, t)

Unconditional

~+Wprompt [ee(concat(zt, @,2),c,t) — eg(concat(z’, @, @), @, t)}

Caption Guidance

+ Wret [69 (concat(z*,s,m), @,t) — eg(concat(z’, @, @), &, t)]

Reference Guidance

+ wan [e(concat(zt, s,m), c,t) — e(concat(z’, @, @), @, t)} ,

All Guidance

t ¢ .
where wy; and wyom, are the values of guidance scale for

reference and prompt condition at timestep ¢, and wy is a
guidance scale for both conditions which is set to be a con-
stant. We dynamically schedule the guidance scales as fol-
lows:

¢ t Pspeed
Wref = 7?
t Pspeed
t
wprompt = 7(1 - ? )ﬂ

where ¢ is counted in decreasing order, hence wr.t is sched-
uled to be decreasing, and wpromp: to be increasing. Here, «y
is a constant value corresponding to the max/min value of
{w!} and {w!}, and pypeea denotes the speed of each guid-
ance schedule.

Impact of the scheduling speed. We first study the
impact of CFG scheduling by varying pgeed, the in-
crease/decrease rate of the guidance scale, in Table C. We
observe a rapid decrease in wy.r With a rapid increase in wref
result in a decrease in the OCR Accuracy and improvements
in FID and CLIP scores. As ws decreases rapidly, the im-
pact of the prompt gets higher and the reference condition
becomes less influential in the generation process. As a
consequence, non-target words within the prompt gain in-
creased influence and affect the generation, resulting in the
inclusion of non-target words in the output (Figure A).

Impact of different portions of scheduled guidance.
We examine the effect of different portions of scheduled
guidance v within the total amount of guidance (Table D).
The result of CFG without scheduling is also provided for
comparison. We observe the general trend of a decrease
in CLIP scores and an increase in OCR Accuracy as 7 in-
creases. We speculate that the initial guidance scale of the
reference condition plays an important role in establishing
the initial layout of the text to be generated which, in turn,
influences the effect of the prompt condition and conse-
quently affects CLIP and FID.



Method English Italian German French Hindi

Bengali

Russian  Thai  Greek ‘ Latin  Non-Latin Mean FID

ControNet 15.00 12.00 08.50 07.00 08.50 11.00 15.00 6.00 19.50 10.63 12.00 11.75  119.996
SD 0.00 0.50 0.0100 0.00 0.00 0.00 0.00 0.00 0.00 0.38 0.00 0.15 93.198
TextDiffuser 84.00 59.00 62.50 27.50 0.00 0.00 0.00 0.00 0.00 58.25 0.00 31.70  96.826
Ours 70.00 48.00 56.00 51.50 21.00 11.50 38.00 1550  33.00 | 56.38 23.80 41.45 97.523
Ours' 81.75 58.50 60.50 57.50 22.00 10.00 48.00 18.00  48.00 | 64.56 29.20 48.60  97.156

Table A. OCR Accuracy comparison result for MLT image generation, presented individually for each language. Results marked
with T indicate the utilization of CFG scheduling. We set Pspeed = 0.2, v = 3.5 and way = 4 for CFG scheduling.

Luke ¢29¢
Hero

Reference

“Marvel Comics Retro 'Luke Cage Hero' for Hire Comic Book Cover Nol5 in Chains aged”

Figure A. Text-to-image generation with different CFG scheduling speeds. The utilized reference image is denoted on the left where
the target words to be generated are rendered. The text prompt with text words to be generated enclosed with punctuations is denoted at the
bottom. Note the non-target word ‘MARVEL’ starts to appear at the top of each image as pspeeq increases. We use identical random seeds

for all the generations.

Script Language FID| CLIPT Acct F-17

English 157.954  0.2977 70.00 87.80

Latin Italian 195.653 0.2946  48.00 70.43
German 195.230 0.2918 56.00 78.47

French 190.083  0.2942 51.50 70.01

Hindi 193.788  0.3125 21.00 37.54

Bengali 192716 03135 11.50 17.60

Non-Latin Russian 188.567  0.2998  38.00 56.89

Thai 203.457
Greek 192.215

97.523

0.3015  15.50  27.59
03023  33.00 55.20

0.3006 41.45 5894

Average

Table B. Evaluation results for MLT image generation, pre-
sented individually for each language.

B.3. Ablation Study on Hyper Parameters

Impact of synthetic loss weight. We first analyze the im-
pact of the synthetic loss weight in Table E. We note that
the synthetic loss weight mainly impacts the CLIP as the
text prompts of the real dataset better describe the content
of an image. We observe the model trained with a syn-
thetic loss weight of 0.5 achieves a lower CLIP than the
one trained with 1.0, which validates the effectiveness of
lowering the weight of reconstruction loss when synthetic
images are provided.

Impact of recognition loss weight. We analyze the im-
pact of the recognition loss weight on accuracy and the qual-
ity of the generated results in Table F. We note that the OCR
accuracy improves as the model is trained with increased

recognition loss weight. In general, models with higher loss
weight achieve better OCR Accuracy and a worse score on
FID. We choose the recognition weight as 0.025 for a proper
trade-off.

Impact of LoRA rank. We examine the influence of var-
ious rank configurations for LoRA [23] and provide justifi-
cation for the selected rank. We assess models trained with
different rank values trained with the MARIO-10M dataset
(Table G). We observe a consistent pattern of performance
improvement with increasing rank values, then saturates at
r = 32, thus we opt for a rank setting of » = 32 as our final
choice.

B.4. Analysis on Reference Image.

Impact of reference image during inference. To study
the impact of the appearance of the reference image, we
compare generation results using the reference image with
and without subject rendering i.e., blank reference in Ta-
bles H and I. The results show that the generation result is
greatly influenced by the appearance of the image. We also
provide qualitative results in Figure B.

B.5. Ablation Study on SD Versions

To show generalization over different versions, we provide
results on SD-v1.5 in Table J. Our method effectively im-
proves on both versions.



Pspeed vy Wall ‘ FID~L CLIPT ACCT

05 05 7 | 38104 0.3454 59.84

psped Y war | FID,  CLIPtT  Acct 0.5 1.5 6 | 39932 03448 59.25
02 35 4 | 45355 03406  64.65 0.5 25 5 | 42192 0.3434  61.73
05 35 4 | 44680 03419 63.11 0.5 35 4 | 44680 0.3419 62.51
1.0 35 4 | 43.884 03428 6053 05 45 3 | 49.827 03317 63.85
- 0 75 | 38593 03454 5826

Table C. Evaluation results on MARIO-EVAL with varying CFG
scheduling speeds pspeed- Table D. Evaluation results on MARIO-EVAL with varying por-

tions of scheduled guidance ~. v = 0 denotes the result of the CFG

Weight | CLIPt Weight | Acet  FID?

0.5 0.3011 0.025 4347  89.97
1.0 0.2997 0.05 46.13  92.82

Table E. Ablation study on Table F. Ablation study on
synthetic loss weight for recognition loss weight for
multi-lingual image gen- logo image generation. Re-
eration on Russian subset. sults are denoted in [%].

without the guidance scheduling.

Training Task | Acct

English 58.26
English+Logo | 51.64

Table K. Simultaneous training result for English generation.

its corresponding expert plugin is loaded. This modular de-
sign reduces interference between tasks, which often occurs
when training with diverse objectives. Experimental results

Rank F-11 CLIP{ # LoraParams (M)
confirm this advantage: simultaneous task training leads to
1 51.58  0.3359 0.89
4 6944 03372 357 degraded performance (Table K).
32 70.52 0.3445 28.55
128 70.19  0.3436 114.21

Table G. Ablation study for different rank settings of LoRA
[23]. The model is trained on MARIO-LAION [12]. The number
of parameters indicated on a million scale. We denote with bold
for the selected rank configuration.

Impact of subject location in reference. We present a vi-
sual analysis of how the spatial position of the subject in the
reference image affects the generated outputs. As illustrated
in Figure D, the subject’s location in the reference image is
consistently reflected in its position within the generated re-
sults.

Type AcctT F171 CLIP
Blank Reference 2027  27.18  0.3695 Joint influence of prompt and reference. We observe
Ours 42.87  48.86  0.3759 that both the input prompt and the reference image influ-

Table H. Impact of subject existence in logo generation.

ence the generation results. To show this, we visualize the
generation result with the same reference image, but with a
different input prompt. As shown in Figure C, the genera-

Type Acet F1t  CLIP tion results not only depend on the appearance of the subject
Blank Reference ~ 1.88 271  0.2855 in the reference image, but also on the input prompt.
Ours 55.19 79,24  0.3468

Table I. Impact of subject existence in English generation.

C. Additional Qualitative Results

In this section, we provide additional qualitative results.

Model | Acet  CLIPT

SD-v1.5 0.03 0.3015
Ours-v1.5 ‘ 5140 03647 Additional qualitative results for English texts. We
SDv2l | 002 03221 provide additional qualitative results for English text im-
Ours-v2.1 ‘ 4920  0.3685 age generation (Figure E). The model fine-tuned on AText

Table J. Evaluation of different SD versions on the OpenLi-
braryEval500 subset.

B.6. Ablation Study on Simultaneous Task Training

Our method employs separate plugin modules, each acting
as an expert for a specific task. When a task is prompted,

is adopted for the English image generation. We use the
MARIO-EVAL benchmark prompts [12] for the generation.

Additional qualitative results for multi-lingual texts.
We provide additional qualitative results for the multi-
lingual, Latin text image generation (Figure F), and multi-
lingual, non-Latin text image generation (Figure G). We use



Ours

Blank ?
Reference ME oA
——
n 10e
A globe with the words A robot is holding a Newspaper with the Word 'wow' in script A trainer holds a
'Planet Earth' written in ~ sign that says Tm headline 'aliens made from rainbow sign that reads
bold letters, with not a robot' found in space' colored fur, in a 'Effort'
continents in bright furry frame, white
colors background

Figure B. Generation result with blank reference image.

the model trained on the merged set of ICDAR2019 [14],
and synthetic images of all the languages. Despite the de-
ficiency of real samples of Russian, Greek, and Thai, our
model shows the capability of generalizing to these lan-
guages.

Additional qualitative results for logos. We present ad-
ditional qualitative results of logo image generation. We
first present the generation results of the logos that are in-
cluded in the training set (Figure H). The results are gener-
ated using the logo benchmark prompts. The generated re-
sults confirm the model’s capability of generating logos in
the desired location of the corresponding reference logo im-
age, and that this reference extends beyond text renderings.
Moreover, we present the generation results of the logos that
are never seen during training (Figure I). The results further
validate the effectiveness of the proposed method and the
model’s ability to generalize across novel instances.

Comparison results with personalization methods. We
provide comparison results with personalization methods in
Figure J.

Additional text image editing results. We provide addi-
tional text image Editing results in Figure K. The model
successfully edits the specified region to include the in-
tended words without modifying the rest of the region.



Reference

Guidance

Reference Image

Take
Easy

Reference Image

Dream
Big

Reference Image

Stay

Strong

Reference Image

‘Reference Guidance’ in

fiery lava font on volcanic

rock

‘Take Easy’ in fiery lava
font on volcanic rock

drenc
uidance

‘Reference Guidance’

glowing in a fiery runic over

a dark cave

.

‘Take Easy’ glowing in a

fiery runic over a dark cave

‘Reference Guidance’ in
neon graffiti on a brick wall

‘Reference Guidance’ engraved
in an ancient carved stone font

‘Take Easy’ engraved in an
ancient carved stone font on a

‘Take Easy’ in neon graffiti

Reference

Guidance
s

‘Reference Guidance’
written in a chalk drawn font
on a blackboard

EM&)

‘Take Easy’ written in a
chalk drawn font on a
blackboard

‘Dream Big’ in fiery lava
font on volcanic rock

‘Stay Strong’ in fiery lava
font on volcanic rock

‘Dream Big’ glowing in a
fiery runic over a dark cave

Stay

Sty

‘Stay Strong’ glowing in a
fiery runic over a dark cave

‘Dream Big’ engraved in an
ancient carved stone font on a

‘Dream Big’ in neon graffiti

‘Stay Strong’ engraved in an
ancient carved stone font on a

‘Stay Strong’ in neon graffiti

‘Dream Big’ written in a
chalk drawn font on a
blackboard

‘Stay Strong’ written in a
chalk drawn font on a
blackboard

Figure C. Generation result with the same reference image. The images in the same row are generated with the same reference, but with
different input prompts.
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Team
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Dream
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‘Dream Team’ in neon icing on a glazed cookie

Figure D. Generation result with varying position.



Little raccoon
holding a sign that
reads 'l want to
learn’

A volunteer is A A globe with the

carrying a backpack words 'Planet

with the words Earth' written in
'Love' printed on it bold letters, with
continents in bright
colors

Studio shot of
sculpture of text
‘cheese' made from
cheese, with
cheese frame.

A cranky sunflower dslr portrait of a
with a 'No Solar robot is holding a
Panels' sign sign with text 'i am
not a robot'

NATURE S 'EARTHLY é S studio shot, word A little girl is
CHOICE' 3 § 'wow' in script holding a book with

bl B2 = made from rainbow the words 'Fairy
¢ EARTHLYSE: colored fur, in a w.w Tales' in her hands

.~ CHOICE J furry frame, white 3
I background, N\
centered 27/ RN '\\a\w
Lake Tahoe 2020 Flight of the Keep Calm and

cOMIIO Officer' Posters

Conchords' Flighh' the 1Trust a Press
S

'THE' ESSENTIAL
'HOWARD SHORE'
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Didn t Know About
'Harrison Ford'

'Cherry Land' Door
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Post Cards

Cherry Land
County \

Wisconsin

A book cover with
logo 'The Latest
Thing And Other
Things' on it

A cover titled 'The
Trail of the Slug'

A book with a title
text of '‘Bahrain’

A poster with a title %
text of 'Trouble in
Paradise'

A poster design
with a title text of
'‘Tokyo Halloween
Night'

ATV show poster
titled 'Underworld
Blood Wars'

Figure E. Additional results for English generation. The odd columns are the prompts, and the even columns are the generated images.
Words enclosed with punctuation are the target keywords to be generated.



Prompt English Italian French

A dog
holding a
paper saying =
words mirage | mirage

lifers lifers
beggar beggar

mutat
éons

reco Axte
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with words espid

daphne perlé

miide
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sign with ridod
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) cercd pérot
Japan sagen
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with a tag
saying

words canto

karzt abbés

sabal
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sign saying

hamper
words

N noida oime noia oimé
sturo
féal

Alabel on a

suers .
unita béles
Gliick

i stava
vine .
virtu
gondé

Figure F. Additional qualitative results for multi-lingual, Latin text image generation. Images in the same row correspond to the same
prompt templates. The first column denotes the prompts. The even column denotes the generated results, and the odd column denotes the
reference image of text renderings.



Prompt Bengali Hindi Russian

A plant pot with
atag
vnoi
ki 610K a
A mug with the
text
BHI6HpATH
[Eh @oon
Asignata
botanical garden [
mpr otdonke
win
a word printed
on a cap
andie
oprax Taxomta
a street sign
with the word
BBEpX
v atpod
Alabel on a
bottle
win
6iTB 6éon
JKHpa s apdv

Figure G. Additional qualitative results for multi-lingual, non-Latin text image generation. Images in the same row correspond to the

same prompt templates. The first column denotes the prompt template. The even column denotes the generated results, and the odd column
denotes the reference image of text renderings.



A delivery box
with [KEYWORD)]
logo

Allianz(@ Allianz @

ROLEX
A keychain with a
[KEYWORD] @
symbol INETFLIX]
A backpack with
an [KEYWORD] STAR.
icon WARS
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[KEYWORD]
logo
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logo BOSCH
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A coffee mug
with a
[KEYWORD]
logo

PHILIPS

#M

Figure H. Additional qualitative results for logo image generation. The reference logos utilized here are part of the training logo
set. Images in the same row correspond to the same prompt templates. The first column denotes the prompt template. We replace

“[KEYWORD]” with the name of the logo during the inference. The even columns denote the generated results, and the odd columns
denote the reference logo images.
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Figure I. Additional qualitative results for logo image generation. The reference logos utilized here are not included in the training logo
set and hence, are unseen during the model training. Images in the same row correspond to the same prompt templates. The first column
denotes the prompt template. The even columns denote the generated results, and the odd columns denote the reference logo images.
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