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Abstract

Multimodal large language models (MLLMs) have made
significant progress in understanding and interpreting mul-
timedia content. However, their ability to generate me-
dia remains limited. Recent approaches have attempted to
bridge this gap by translating the hidden representations of
token sequences into the embedding space of visual models
or directly into raw image data. However, these methods
often represent each image using multiple specialised to-
kens which significantly increases the input length. This be-
comes a major limitation for tasks such as graphic design
generation where the output typically involves a seamless
blend of thousands of tokens across text, multiple images,
and layout information. To address this challenge, a novel
architecture is proposed that maps hidden token represen-
tations to the embedding space of visual models, such as
CLIP ViT-L/14, using a single [IMG] token per image. The
architecture employs two shallow MLP blocks, each with a
separate compression module followed by a shared expan-
sion module, trained with six distinct loss functions. One
block aids the other during training and is omitted during
inference, resulting in a lightweight solution. Strong perfor-
mance is demonstrated in both image-to-design and text-to-
design generation tasks.

1. Introduction

Multimodal large language models (MLLMs) have made
remarkable advancements in tasks involving visual com-
prehension and understanding such as visual question an-
swering (VQA), image captioning, and object grounding
[2, 12, 13, 21, 22, 24]. However, these methods primarily
focus on processing multimodal inputs but only generating
textual outputs. This restricts their effectiveness in tasks
that require generating visual content alongside text, such
as graphic design generation. Graphic designs are com-
posed of various multimodal elements including text, im-
ages, SVG shapes, colours, and spatial layout, all working

Figure 1. Example results from the proposed architecture. The
model generates visually coherent and stylistically consistent
graphic designs from either text or image inputs.

together to convey meaning and visual appeal.
Recent approaches have explored the expansion of lan-

guage models to accommodate the generation of multi-
modal outputs. In FROMAGe [10], image retrieval ca-
pabilities are introduced by augmenting a frozen language
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model with two trainable linear layers. The first linear layer
maps the hidden representation of a [RET] token whilst
the second maps the visual embedding of the correspond-
ing image. These two embeddings are aligned through con-
trastive learning [14], allowing the model to associate tex-
tual queries with relevant visual content. Nonetheless, this
approach falls short when a design requires an image with a
specific subject, style, or colour theme that is not available
in the media library, or when user lacks access to a suffi-
ciently large media collection.

GILL [9] extends the capabilities of FROMAGe by en-
abling media generation rather than just retrieval. This
is achieved through a mapping network called GILLMap-
per - a transformer with both encoder and decoder compo-
nents. GILLMapper translates the hidden representations
of r [IMG] tokens, generated by the language model, into
the embedding space of Stable Diffusion’s [17] text en-
coder. The alignment between the two embedding spaces
is learned using a mean squared error (MSE) loss. During
inference, the images are generated by passing the mapped
embeddings through the diffusion model.

Similarly, Emu [18] enables media generation by aug-
menting a language model with a module called Causal
Transformer that transforms visual inputs into N [IMG] vi-
sual tokens. The model is trained to autoregressively predict
these visual tokens, using an MSE loss between the pre-
dicted embeddings and the ground-truth tokens generated
by the Causal Transformer. During inference, the generated
visual tokens are decoded into images using a Stable Diffu-
sion model that has been fine-tuned to explicitly condition
on generated embeddings.

In Chameleon [19], images are represented using 1024
discrete tokens derived from a codebook of size 8192, pro-
duced by a learned image tokenizer. These image tokens,
along with text tokens, are used to train the model autore-
gressively. During inference, a learned de-tokenizer is used
to reconstruct images from generated image tokens.

Across all of these methods, a shared characteristic is
the use of multiple visual tokens to represent images. In
fact, [9] further investigates the impact of token count and
finds that reducing the number of tokens generally leads
to performance degradation as it produces shorter and less
expressive inputs for the mapping network.This issue be-
comes particularly significant in graphic design generation
tasks, where a single design may contain multiple images
and is typically represented as a long, interleaved sequence
of text and image tokens to capture elements such as text,
images, SVG shapes, layout, and visual attributes. Con-
sequently, representing each image with multiple tokens
can cause the overall token sequence to become extremely
long, often approaching or exceeding the model’s maxi-
mum token capacity. Moreover, the limited attention span
of transformer-based architectures makes it challenging to

capture long-range dependencies across such extended se-
quences, thereby constraining the model’s ability to produce
coherent and consistent designs.

Some approaches have explored generating images di-
rectly rather than relying solely on embeddings. For in-
stance, Transfusion [26] leverages a VAE [8] to encode im-
ages into latent representations and then applies a diffusion
process within this latent space. In this setup, text is mod-
elled autoregressively using a transformer while image gen-
eration is guided by a diffusion-based objective. Dream-
LLM [3], on the other hand, enables direct image generation
by using a frozen Stable Diffusion decoder that is guided by
semantic queries produced by the language model. These
queries are trained using Score Distillation Sampling (SDS)
[15], allowing the model to align textual prompts with im-
age generation targets. Like the aforementioned methods,
both these approaches still rely on multi-vector or multi-
token representations per image, which may limit their ef-
fectiveness in design generation tasks.

This paper proposes a novel architecture that facilitates
mapping from hidden token representations of a language
model to the embedding space of a visual model, like CLIP
ViT-L/14 [16], using just a single [IMG] token per image.
This enables the language model to create coherent graphic
designs by integrating text and image tokens within long
sequences. The proposed mapping architecture, termed Gi-
raffe due to its L-shaped structure, is composed of two shal-
low MLP blocks. Each block features a unique compres-
sion module, followed by a shared expansion module that
links the two. One block is mainly responsible to handle
the mapping, while the other assists the main block during
the training phase, playing an essential role in helping the
primary block to reach its mapping goal. When it comes to
inference, the assisting block is removed, leading to a more
lightweight solution. Since the generated embeddings fol-
low a known distribution, there is no need to fine-tune a dif-
fusion model. An existing pretrained model such as FLUX
[11] with CLIP VIT-L/14 IP Adapter [23] can be used di-
rectly to generate images.

Extensive experiments highlight its strong performance
in both text-to-design generation and image-to-design tasks.
In the text-to-design generation task, it can be seen that
the produced images align with the provided prompt while
preserving the overall style, color palette, and semantics of
the graphic design, leading to an aesthetically pleasing out-
come. Likewise, in the image-to-design task, the generated
graphic design closely mirrors the reference image. Col-
lectively, the observed behavior indicates that the proposed
architecture effectively captures all image-related informa-
tion within a single [IMG] token. Fig. 1 shows an example
for each task. It is important to note that while this paper
focuses primarily on images, the proposed architecture is
flexible and can be adapted for various media, including au-



Figure 2. The proposed Giraffe architecture overview. It enables mapping from hidden token representations to the embedding space of
visual models, such as CLIP ViT-L/14, using only a single [IMG] token. This is achieved using two shallow MLP blocks where each
includes a seperate compression module followed by a shared expansion module, trained with six distinct loss functions (left). The assisting
MLP block aids the main block in learning the mapping and is ignored during inference (right), leading to a more lightweight solution.

dio and video.

2. Method

This section describes the graphic design representation
used by the model, the proposed Giraffe architecture, the
training objectives, and the inference process.

2.1. Graphic Design Structure

A graphic design is composed of various elements, includ-
ing text, images, and SVG shapes, which all work together
to convey ideas and create visual harmony. Each element
is defined by a set of properties that determine its structure
and appearance. These include positional attributes such as
top, left, width, height, and layering order, as well as visual
characteristics like colour, transparency, and rotation. Cer-
tain attributes are also specific to particular element types.
For example, text elements may include the textual con-
tent itself, font family, font size, and styling options such as
bold or italic. By representing these element-specific prop-
erties in textual form, a graphic design can be represented
as a long sequential structure of interleaved text and image
components, where each xt and xv denotes a single text or
image component, respectively. The inclusion of separate
image components is necessary, as visual content cannot be
fully captured through text alone.

2.2. Giraffe Architecture

Following prior work [4, 5, 13, 21, 25], the visual embed-
ding of each image xv is extracted and projected into the
same dimensional space as the word embeddings, using the

following transformations:

zv = vϕ(xv) ∈ Rd,
uv =Wzv ∈ Rm

(1)

, where W is a learnable linear mapping, vϕ(.) is the pre-
trained and frozen visual encoder (ViT-L/14) prior to its
projection head and m represents the input embedding di-
mension of the language model. Each xv in the input se-
quence is then replaced with just one special [IMG] token
and its corresponding word embedding is substituted with
uv .

To train the model to understand and generate multi-
modal content, it is optimised with the standard next-token
prediction objective. Specifically, the model is fine-tuned to
predict each next token using the cross-entropy loss:

LCE = − 1

M

M∑
m=1

Tm∑
t=1

logPψ,W

(
w

(m)
t | w(m)

<t

)
(2)

, where M is the batch size, Tm is the length of the mth
input sequence, and ψ denotes the language model parame-
ters. Each token wt may be either a text token or the special
[IMG] token.

Finally, to enable image generation, a mapping net-
work is integrated with the language model to decode each
[IMG] token into its corresponding normalised visual em-
bedding z̃v . z̃v is obtained by first clipping the original vi-
sual embedding zv to remove extreme values, followed by
applying the min-max-normalision technique to rescale the
values into the range [-1, 1]. This mapping is learned using
a multilayer perceptron (MLP) block, which comprises of a



compression module fθ1 followed by an expansion module
f ′θs with SiLU activation function applied throughout both
modules. However, the last layer in f ′θs uses Tanh as its acti-
vation function. The parameters of this block are optimised
by minimising the mean square error (MSE) loss between
its output and z̃v:

Lb1-MSE =
1

N

N∑
i=1

(
ˆ̃zvi − z̃vi

)2
,

ˆ̃zvi = f ′θs(fθ1(hψ([IMG]i)))

(3)

, where hψ([IMG]i) denotes the representation of the ith
[IMG] token from the final hidden layer of the language
model and N represents the number of [IMG] tokens in
the batch.

Additionally, a cosine similarity loss is used to promote
directional alignment between the predicted embeddings
and the ground truth:

Lb1-COS =
1

N

N∑
i=1

(
1− gφ(ˆ̃zvi) · gφ(z̃vi)

∥gφ(ˆ̃zvi)∥∥gφ(z̃vi)∥

)
(4)

, where gφ(.) denotes the projection head of the pretrained
and frozen ViT-L/14 visual encoder. gφ(.) is applied to both
predicted and target embeddings to ensure compatibility in
the representation space.

While the proposed MLP block establishes the baseline
mapping, it often struggles to learn the mapping effectively.
To enhance this block’s ability to fully capture the transfor-
mation, an assisting MLP block is introduced, forming the
Giraffe architecture named for its L-shaped structure. The
assisting block features its own compression module f ′′θ2
with SiLU as activation function but shares the expansion
module f ′θs with the main MLP block. Functionally, it op-
erates as an autoencoder where the input is the normalised
visual embedding z̃v and the output is its approximation z̄vi .
Similarly, it is trained with two losses:

Lb2-MSE =
1

N

N∑
i=1

(z̄vi − z̃vi)
2
,

z̄vi = f ′θs(f
′′
θ2(z̃vi))

(5)

and,

Lb2-COS =
1

N

N∑
i=1

(
1− gφ(z̄vi) · gφ(z̃vi)

∥gφ(z̄vi)∥.∥gφ(z̃vi∥

)
. (6)

To further assist fθ1 in learning the mapping transforma-
tion, two infoNCE losses [14] are applied on the bottlenecks

of the two MLP blocks:

LNCE1
= − 1

N

N∑
i=1

log esim(fθ1 (z̃vi ),f
′′
θ2

(z̃vi ))/τ

1
M

∑M
j=1 e

sim
(
fθ1 (z̃vi ),f

′′
θ2

(z̃vj )
)
/τ

 ,

LNCE2 = − 1

N

N∑
i=1

log esim(fθ1 (z̃vi ),f
′′
θ2

(z̃vi ))/τ

1
M

∑M
j=1 e

sim
(
fθ1 (z̃vj ),f

′′
θ2

(z̃vi )
)
/τ

 ,

(7)
where τ is a learnable temperature parameter.

The total loss is calculated as:

Ltotal = λ1Lb1-MSE + λ2Lb1-COS

+ λ3Lb2-MSE + λ4Lb2-COS

+ λ5(LNCE1
+ LNCE2

) + λ6LCE,

(8)

where λ1, λ2, λ3, λ4, λ5 and λ6 are hyperparameters rep-
resenting loss weights. The optimisation is carried out over
parameters W , θ1, θ2, θs, and ψ. An overview of the archi-
tecture is shown in Fig. 2.

2.3. Inference
At inference time, f ′′θ2 is removed, resulting in a lightweight
mapping network. Each predicted [IMG] token is mapped
into its normalised visual embedding as follows:

ˆ̃zv = f ′θs(fθ1(hψ([IMG]))), (9)

which is then denormalised to recover the predicted visual
embedding ẑv. During the autoregressive process, ẑv is used
directly instead of recomputing zv via the visual encoder
vϕ(.) for each generated [IMG] token, enabling faster to-
ken generation.

Finally, real images are produced by passing ẑv to FLUX
with CLIP VIT-L/14 IP Adapter. The generated images are
then placed within the specified bounding boxes to create
the final graphic design.

3. Experiments
To evaluate the proposed method, two experiments are car-
ried out on text-to-design and image-to-design generation
tasks. The model is trained on a proprietary dataset of
1,800,000 professionally created graphic designs. These
graphic designs span a wide range of formats, including so-
cial media posts, banners, flyers, business cards, and logos.
The dataset is split into training and validation subsets, with
90% used for training and 10% for validation.

In the mapping network, fθ1(.) consists of layers with
dimensions 1024− 768− 512, while f ′′θ2(.) has dimensions
1024−768−512−512, with the final layer in both serving
as the bottleneck. f ′θs(.) is composed of layers with dimen-
sions 768− 1024− 1024. The hyperparameters λ1, λ2, λ3,
λ4, λ5 and λ6 are set to 1, 1, 1, 1, 0.1, and 1, respectively.



Figure 3. Qualitative results for the text-to-design task. The generated graphic designs closely follow the prompts while remaining visually
coherent, stylistically consistent, and of high overall quality. The model often produces complex designs with multiple images that interact
harmoniously. Numbers in parentheses indicate the number of images used in each design.



Figure 4. Qualitative results for the baseline model. Generated results have limited layout variation and less consistent visual style.
Numbers in parentheses indicate the number of images used in each design.



Table 1. FID score and CLIP cosine similarity for text-to-design
and image-to-design tasks, respectively.

Model Text-to-Design Image-to-Design
(FID) (Cosine)

Proposed 66.85 0.85± 0.05
Baseline 81.61 -

3.1. Text-to-design generation

In this experiment, the Gemma3 4B model [20] is used as
the language model. Training is carried out in mixed pre-
cision using the bfloat16 [1] format for 56,000 steps. Eval-
uation is conducted on a separate set of curated prompts,
chosen to cover a wide range of cases. Each design sample
is represented in JSON format, with floating-point bound-
ing box coordinates rounded to the nearest integer. Further-
more, each design is accompanied by a textual description
that captures its style, theme, and key details, for example,
“A vibrant Instagram post announcing a summer smoothie
sale with fresh fruit illustrations and bright colours”. For
benchmarking, a baseline model is also trained without the
mapping network, in which textual description of each im-
age is generated instead and subsequently passed to FLUX
for image generation.

To evaluate the performance of the model, a comprehen-
sive qualitative analysis is performed on the generated re-
sults. Figure 3 and Fig. 4 show sample outputs generated by
the proposed architecture and the baseline model, respec-
tively, for the same set of prompts. The number of images
in each design is indicated in parentheses. As shown in
these figures, the proposed method generates designs that
are more visually appealing, with greater layout diversity
and stronger stylistic and thematic coherence. Many of the
generated designs include multiple images that work har-
moniously in terms of color theme and style, as seen in
prompts 3, 4, 9, and 12. In contrast, the baseline model
often produces designs with minimal layout variation, fea-
turing a background image, a central shape, and overlaid
text. When the baseline generates designs containing mul-
tiple images, the images usually lack color harmony and
appear visually not very relevant to the overall design. For
instance, in prompt 7, the images generated by the base-
line model do not exhibit consistent color or style, whereas
the corresponding design produced by the proposed method
maintains a coherent theme, with images that complement
each other and enhance the overall design coherence. These
limitations in the baseline model likely arise from repre-
senting each image solely through textual descriptions. The
resulting increase in token length, together with the limited
attention span of transformer-based architectures, makes it
difficult to capture long-range dependencies and constrains
the model’s ability to generate more complex designs. In

addition, representing images as text alone makes it chal-
lenging to accurately capture their style and color theme. In
contrast, the [IMG] token represents each image with a sin-
gle token, allowing the model to focus on finer-grained de-
tails within its attention span. Moreover, the [IMG] token
preserves the style and thematic information of an image
more faithfully, enabling the proposed model to generate
outputs that are more complex, visually coherent, stylisti-
cally consistent, and better aligned with the intended design.

To further evaluate the performance of the proposed
mapping network, the FID score [6] is computed by com-
paring the statistical distributions of the generated designs
with those of real, professionally created designs from the
training set. As shown in Tab. 1, the proposed method
achieves a considerably lower FID score than the baseline
model, indicating that it generates designs of higher qual-
ity and greater diversity, consistent with the findings of the
qualitative study.

3.2. Image-to-design generation

In this experiment, the language model is replaced with a
transformer with both encoder and decoder components,
each consisting of 10 layers. The architecture has 500 mil-
lion learnable parameters. Each design in the training set
is first rendered, and the resulting image is divided into
patches. These patch values are then concatenated with the
CLIP embedding [16] of the rendered image and fed into
the transformer’s encoder. The model is trained to generate
the corresponding design as a sequence of text interleaved
with [IMG] tokens, following the approach used in the pre-
vious experiment. However, since replacing the language
model with a plain transformer and using a relatively small
training set makes learning natural language from scratch
challenging, the content of each textbox is replaced with the
word “TEXT” to simplify the task. Training is performed in
float32 precision for 187,000 steps. Evaluation is conducted
on a small set of graphic designs generated from curated
prompts using GPT-4o [7].

To evaluate the model’s performance, both quantitative
and qualitative studies are conducted. Cosine similarity
is computed between the CLIP embedding of each origi-
nal input image and the generated design to measure how
closely the generated design matches the input. As shown
in Tab. 1, the cosine similarity of CLIP embeddings is
0.85± 0.05, indicating strong adherence to the original im-
ages. Figure 5 illustrates qualitative examples produced by
the trained model. In each pair, the left image is the GPT-4o
generated input, and the right image is the model’s output.
For easier assessment, the original text content is manually
added to the generated text boxes. While minor inconsis-
tencies in details are observed, the outputs generally align
closely with the inputs. These results demonstrate that a
single [IMG] token per image captures substantial seman-



Figure 5. Qualitative results for the image-to-design task. In each pair, the left image shows the input generated by GPT-4o, and the right
image shows the model’s output.

tic, stylistic, and color information. They also suggest that
knowledge transferred from a pretrained language model
has minimal effect on the model’s ability to map [IMG] to-
kens to CLIP embeddings. However, a pretrained language
model is still required for generating the text content.

4. Conclusion
This paper introduces Giraffe, a novel architecture that
maps hidden token representations from a language model
to the embedding space of a visual model using a single
[IMG] token per image. This approach allows language
models to generate graphic designs, which would normally
require very long sequences of interleaved text and image
tokens. The mapping architecture consists of two shal-
low MLP blocks, each with a unique compression mod-
ule followed by a shared expansion module that connects
the blocks. The main block performs the mapping, while
the second block assists in training to help the main block

learn the mapping more effectively. During inference, the
assisting block is removed, resulting in a lightweight solu-
tion. Experiments on a text-to-design task show that the
architecture effectively captures the semantics, style, and
color of each image, producing more complex designs with
greater visual harmony than when images are represented
solely through textual descriptions. The results also em-
phasize the importance of using a single token per image
to achieve higher diversity and complexity in the generated
graphic designs. Similarly, experiments on an image-to-
design task demonstrate that the proposed architecture can
capture semantics, style, and colour information with just
one [IMG] token per image.
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