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Figure 1: Design-conditioned 3D human adding. Given an input design (1st column) with a set of elements, such as images,
vector shapes and texts, our model adds a 3D human into the design (2nd column), by predicting its 3D pose and 2D framing, as
well as the layout of the image containing the human in the input design (the 2D box on the design). The model results in a
cohesive output design with the 3D human added (3th column). The 3D human representation can further be rendered into a

realistic human image (4th column).

Abstract

Graphic designs nowadays predominantly contain human images,
where people are posed and framed in a delicate way to guide view-
ers’ visual exploration and evoke desired feelings. Despite recent
progress in automatic graphic design generation, there has been
no work on investigating the role of the human representations in
design creation. In this paper, we seek to emphasize the importance
of visual human representations in graphic design generation, by
studying a novel task, dubbed as design-conditioned 3D human
adding. To solve this task, we propose a model that adds 3D human
representations into an existing partial design, by predicting their
3D poses, their 2D composition in the image containing them, as
well as the spatial arrangement of the image in the input design, to
generate a complete design. Our experiments show that our model
outperforms baselines by predicting the 3D human poses, 2D fram-
ing and human image layout that better harmonize with the other
existing design elements, and generating higher-quality holistic
designs. Our work is the first to explore connections between 3D
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human generation and 2D graphic design generation, which would
inspire future research in leveraging 3D information to build more
powerful generative models for graphic designs in the 2D domain.
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1 Introduction

The use of human images is prevalent in graphic designs such as
posters, magazines and advertisements. What poses people in an
image take and how they are framed in the image play critical roles
in affecting how viewers visually explore the entire design and what
feelings are evoked. Consider the design in Figure 2 as an example.
When looking at the design, one may first attend to the face of the
woman, and then move the eyes to her hand near the face, Finally,
the visual attention shifts to the left along the direction pointed by
the finger, reaching the potted plant. This means that the pose of
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Figure 2: An example graphic design with a human image
(left) and the design with the 3D representation of the human
(right).

the woman can effectively direct one’s visual flow throughout the
design. Furthermore, the woman is framed in a medium full shot
that starts from the top of the head and ends just below the waist,
which conveys the feelings of “strong” and “confident”. However,
creating a human image with ideal posing and framing for a design
is particularly challenging, requiring extensive design knowledge
and experience, along with some creativity.

In recent years, there has been a growing interest in developing
generative models for graphic design with some encouraging re-
sults. However, the role of visual human representations has not
yet been considered explicitly, which hampers the generation of
designs where human images are employed effectively.

In view of the issue above, in this paper, we take an initial step
towards human-aware design generation, by investigating a new
task, design-conditioned 3D human adding. As shown in Figure 1,
given an input partial design without a human image, the task aims
to add 3D human representations into the input design to form a
cohesive complete design, where the added human representations
and the other elements are harmonious with each other. The gen-
erated 3D representations can further be rendered into a realistic
human image. The purpose of generating 3D representations ex-
plicitly, instead of only 2D images, is to offer great controllability,
which allows users to easily change the poses and composition of
people in the rendered image through manipulating the generated
3D representations directly. Such controllability is imperative for
the practical deployment of design generative models in the design
workflow, since designers wish to have a higher degree of control
over the generation process when working with the models.

We propose POFRAY, Pose-Frame-Layout, a model to solve this
new task. POFRAY uses a partial layered design with a set of multi-
modal elements as a context, and add 3D humans into it by predict-
ing what poses they should take in 3D space, how they are framed
within the 2D image containing them, as well as how the image
should be laid out in the design. Specifically, POFRAY employs a
multimodal encoder to process the input elements to extract design
context features. The features are then used to condition two sepa-
rate generators: a pose and framing generator, a layout generator.
The pose and framing generator employs a causal Transformer to
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autoregressively generate a sequence of tokens that control the
3D poses of the added humans and their 2D framing in the image.
The layout generator uses a bidirectional Transformer to generate
the layout of the added human image in the input design. To train
and evaluate our model, we construct 3DHumanInDesign, a bench-
mark of ~10k layered graphic designs. For each design, we remove
the human image to form the input, and use the estimated human
pose and framing parameters from the human image alongside the
original layout of the the human image as the prediction targets.

Experimental results on our collected benchmark demonstrate
that our model outperforms alternative baselines, generating higher-
quality complete designs. The generated human poses, framing and
human image layout of our model are better aligned with the input
design context, compared to those of the baselines.

Our major contributions are threefold:

e We formulate a new problem in the graphic design genera-
tion field: design-conditioned 3D human adding. The prob-
lem can be viewed as a specific form of human-aware design
generation, where visual human representations need to be
modeled explicitly. To the best of our knowledge, this is the
first time that the two fields, 3D human generation and 2D
graphic design generation, are bridged. We hope that our
work can inspire future work on leveraging various 3D infor-
mation for graphic design synthesis, which was previously
addressed with 2D-only methods.

e We propose a model, POFRAY, which adds 3D humans into
an input design by simultaneously generating 3D human
poses, the 2D framing of the humans in an image, and the
layout of the human image in the design.

e We build a benchmark, 3DHumanInDesign, to facilitate fu-
ture research on design-conditioned 3D human adding.

2 Relate Work
2.1 Graphic Design Generation

Automatic graphic design generation has emerged as a crucial re-
search area aimed at facilitating the design process. CanvasVAE [33]
introduces a variational autoencoder to generate vector graphic de-
signs represented as sets of canvas and element attributes. GOL [34]
learns a design element ordering strategy to optimize the perfor-
mance of design generative models. In recent years, a large body
of methods on text-to-design generation has emerged to convert
textual design intentions into multi-layer graphic designs, e.g., by
building a cascaded system comprising multiple specialized models
for different sub-tasks (e.g., background generation, typography
generation) [13, 14], formulating layered design generation as multi-
layer transparent image generation [25], utilizing a multimodal
large language model to generate graphic designs as text-image
documents [26], and training a simple diffusion model on sequences
of discrete element attribute tokens [31].There is also a line of work
on automatic design composition, which aims to compose a set of in-
put design elements into a complete design [4, 22, 30]. FlexDM [12]
is a unified model that can solve multiple design tasks (e.g., image
filling, layout generation, typography generation), by representing
a graphic design as a set of elements, each comprising a set of fields,
and formulating different design tasks as masked field prediction
problems with different masking patterns.
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Recent years have also seen a growing interest in developing
models for generating layouts of graphic design elements [1, 16,
19, 21, 29, 36, 39]. The success of Transformers in natural language
processing has inspired their application to layout generation. Lay-
outTransformer [10] formulates layout generation as a sequence
modeling problem and employs the self-attention mechanism to
capture element relationships. BLT [17] proposes a bidirectional
Transformer that generates all layout tokens in parallel to enable
flexible controllable generation. Our method leverages Transform-
ers to predict 3D human pose, 2D framing, and human image layout.

To our best knowledge, we are the first to model 3D human
representations in 2D graphic designs, which has not been yet
explored in previou studies.

2.2 Human Pose Estimation and Generation

3D Human pose and shape estimation have been extensively studied
in computer vision, with a range of applications in behavior analysis,
animation and gaming. Recent advances in expressive human pose
and shape estimation (EHPS) enable the reconstruction of 3D whole-
body meshes of a person—including the body, hands and face—from
monocular images or videos using end-to-end models [3, 5, 32] that
regress the parameters of a 3D parametric human model (e.g., SMPL-
X [23].

Conditional 3D human pose generation based on input condi-
tions of various modalities has recently gained increasing attention.
For example, ChatPose [7] generates 3D human poses from natural
language descriptions, optionally with image inputs. GenZI [20]
proposes a method to synthesize a posed 3D human that interacts
with a given 3D scene according to an input text description. A
recent study [15] focuses on dynamic human-scene interaction
modeling, generating 3D human motions (sequences of 3D poses)
that are plausible in a given 3D scene context. NIFTY [18] addresses
the problem of object-conditioned human motion synthesis, which
generates realistic 3D motions of a person interacting with a given
3D object.

In this work, we focus on generating 3D human poses in the
context of graphic designs.

3 Method
3.1 Problem Formulation

Let D = {ey, ez, ..., en} denote an input graphic design consisting
of N design elements, where each element e; is described by a set of
attributes: appearance attributes including font, color (font color or
background color), opacity; content (image or text content); layout
attributes (c;, I, t;, wj, h;) specifying its type c;, left position I;, top
position #;, width w;, and height h;, respectively. (I;, t;, w;, h;) are
normalized bounding box parameters (with respect to the canvas)
in the range [0, 1]. Our objective is to build a model that takes
as input a design D, without a human image, and produces the
following outputs:

e Pose. A sequence of M 3D human poses P = {0y, ...,0u},
where each pose is parameterized by the pose parameters
0; € R**3 of the SMPL-H model [28], which specify 3D
angular rotations for 52 joints (21 body joints, 30 hand joints,
1 root joint).
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e Framing. Framing parameters F = {fi,..., fu} for m 3D
humans. The framing of human j is parameterized by f; =
(xj,yj, z;), which is the global 3D position of the root joint
(relative to the camera frame), which determines how the
human is framed in the 2D image.

e Layout. A human image layout L = (I, ¢, w, h, z) that spec-
ifies the left position I, top position ¢, width w, height h,
and z-order z of the image containing the 3D humans in the
design.

The generated poses P are rendered into an image using the
predicted framing parameters F, and placed into the input design
according to the predicted image layout L, to create a cohesive
human-included graphic design.

3.2 Our Model

As illustrated in Figure 3, our model consists of three main compo-
nents: 1) a design encoder that extracts design context representa-
tions from the input design, 2) a pose and framing generator that
autoregressively generates human pose tokens and framing tokens
, and 3) a layout generator that predicts the spatial arrangement of
the human image. We now describe each component in detail.

3.2.1 Design Encoder. The design encoder follows the architecture
of FlexDM [12], projecting the elements in the input design into
a set of element-wise embeddings. In particular, for each element,
the design encoder extracts three types of embeddings from its
attributes:

o Appearance embeddings. We perform discretization on the
font, color and opacity, and encode discrete font, color and
opacity into separate embeddings through learned embed-
ding layers. When an attribute is missing for an element
(e.g., an image element does not have font color), an all-zeros
embedding is used.

o Content embeddings. The visual content is processed through
the OpenCLIP [11] image encoder to obtain an image em-
bedding, while the text content is encoded using OpenCLIP
text encoder to produce a text embedding. Then, the image
or text embedding is projected into a content embedding
through a learned linear project layer.

o Layout embeddings. Each of the four bounding box parame-
ters is discretized. The element type and the discrete bound-
ing box parameters are encoded into layout embeddings
through learned embedding layers.

The embedding of the element is obtained by adding up its at-
tribute embeddings. All the element embeddings are then processed
through a stack of transformer encoder blocks with self-attention
layers to capture inter-element relationships. The encoder finally
outputs a sequence of contextualized design element embeddings,
which we refer to as a design context representation C that will
be used to condition subsequent generators on information in the
input partial design.

3.2.2 Pose and Framing Generator. To generate human poses, we
adopt a discrete pose representation inspired by TokenHMR [6]. We
first train a Vector Quantized Variational Autoencoder (VQ-VAE)
tokenizer specifically for the SMPL-H pose parameters. The VQ-
VAE encoder maps continuous SMPL-H pose parameters § € R%2X3
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Figure 3: Overview of our model. It takes as input a partial graphic design with a set of multimodal elements (such as images,
texts, vector shapes), and generates a complete design with one or several 3D humans added. An encoder is used first used
to extract element-wise design embeddings, which are then fed into: a pose and framing generator, a layout generator. The
pose and framing generator autoregressively generates pose tokens, which are then decoded into 3D human poses using a
pre-trained pose decoder. It also predicts framing tokens that control the composition of the 3D humans in an image. The
layout generator takes as input a learnable query and all the element embeddings to predict the bounding box parameters
and z-order of the human image in the design. With the predicted pose, framing and layout information, the 3D humans are
composed into the design, and the 3D human representations can further be rendered as a realistic image.

to a discrete token sequence z, = (21,22, ...,%s00), Where each
token z; corresponds to a code vector in a learned codebook of size
64. The VQ-VAE decoder can reconstruct the pose parameters from
the tokens: 6 = Dypose(2p). For framing parameters f = (x,y, z), we
discretize each coordinate into 256 bins by applying the K-means
clustering on the training set, resulting in a sequence of framing
tokens zp = (zx,zy, Zz).

For m humans, their poses and framing configurations can then
be represented as a sequence of discrete tokens:

Z = (BOS,HUM, z,,, Zf,. s me,me,EOS) (1)

where BOS and EOS are special tokens denoting the start and end
of the sequence, and the HUM token is used to signals the start of
a human.

Our pose decoder employs an autoregressive Transformer ar-
chitecture trained to generate tokens in the sequence Z iteratively
conditioned on the design context representation C from the design
encoder. The design context representation is injected into the pose
decoder through cross-attention layers. The generated pose token

sequence 2, is decoded back to the SMPL-H pose parameters using
the pre-trained VQ-VAE decoder Dy, and the generated framing
tokens are converted to continuous framing parameters by taking
the bin center values of the tokens.

3.2.3 Layout Generator. The layout decoder predicts the spatial
arrangement of the human image within the design. Our layout de-
coder utilizes a bidirectional Transformer architecture (with a stack
of Transformer encoder blocks), whose inputs include a learnable
query (a learnable embedding) and the design context represen-
tation C (a sequence of element embeddings). The query attends
to all the element embeddings through the self-attention layers to
extract an output query representation (the output embedding of
the last Transformer block for the query) that contains necessary
information for layout prediction. The output query representation
is finally decoded into the layout parameters (l iw, fl %) with a
two-layer MLP.

3.24 Human Image Generation and Composition. Given the gener-
ated pose, framing and layout parameters, we can create a human
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image and compose it into the input design. Specifically, we feed
the pose and framing parameters into the SMPL-H model to gen-
erate posed 3D human meshes placed in the camera coordinate
system, and project the meshes onto an image of size (W - w, H - fz)
where (W, H) is the canvas size of the input design and (w, ﬁ) is the
predicted human image size. This results in a transparent human
mesh image (where the alpha values of pixels outside the human
regions are set to 0), which can be composed into the input design
according to the predicted position and z-order (I,£2).To generate
a realistic human image, we create a 2D pose map using the 2D pro-
jections of the 3D joint positions of the human meshes, and employ
LayerDiffuse [37] (with SDXL [24] to generate a transparent image
conditioned on the pose map, the input design, and a text prompt.
The text prompt is generated by Qwen3-VL [2] that is queried to
describe the human appearance according to the input design. The
pose map is incorporated into the SDXL through ControlNet [38];
the input design is sent into the SDXL through IP-Adapter [35].

3.3 Training
Our model is trained with two task-specific loss functions:

e Pose and framing loss. The pose and framing generator is
trained with a cross-entropy loss for next-token prediction.
For a sequence Z of length L. The loss is defined as:

L
Lpp=-— Z 10gp¢ (2:|Z;,C). (2)

t=2

e Layout loss. The layout generator is supervised with a com-
bination of a L1 loss and a Generalized IoU (GIoU) loss:

Ly =L + Laiou. (3

L, = |I: - L|, where L and L are the predicted and ground
truth human image layout parameters, respectively. Lgiou =
1-GIoU(By, By), where B and B are the predicted and ground
truth bounding boxes of the human image, respectively.

During training, we first fine-tune FlexDM on the training com-
ponent of our dataset (Section 4.1) and use the obtained corre-
sponding weights to initialize our design encoder. Then, we freeze
the design encoder weights, and train our model via a three-stage
training procedure:

e Stage 1: Pose and framing generator pre-training. We first
train the pose and framing generator using the loss Lpg. This
stage allows the pose and framing generator to capture the
dependency of human pose and framing on design context.

o Stage 2: Layout generator pre-training. We train the layout
generator using the loss L. This stage enables the layout
generator to learn spatial placement of human images based
on design context features.

o Stage 3: Joint Fine-tuning. Finally, we jointly fine-tune the
two generators, with a total loss:

Lot = Lpr + L. 4

This joint fine-tuning stage allows the two generators to
produce the pose, framing and layout that are harmonious
with each other.
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4 Experiments

4.1 Dataset

Our 3DHumanInDesign dataset consists of ~10k layered graphic
designs with human images, carefully curated from two sources to
ensure diversity and quality. Specifically, we collect 4,479 samples
from the Crello dataset [33], which covers different kinds of graphic
designs such as web banners, social media posts and posters. Addi-
tionally, we gather 5,460 magazine covers and posters from Freepik'.
For the human image on each design, we extract SMPL-H pose pa-
rameters and 3D root joint positions (framing parameters) using a
previous human pose and shape estimation method [32]. We remove
human images from the original designs to create input designs
(without human images). We partition our dataset into training and
test splits with a ratio of 8:2, while ensuring that each split has 40%
and 60% of its samples from Crello and Freepik, respectively.

4.2 Implementation Details

For all the three training stages, we optimize our model using
AdamW (f; = 0.9, f = 0.95, weight decay 0.1) with a base learning
rate of 1x107*, using 1,000 warm-up iterations followed by a cosine
decay schedule. We use a batch size of 16, a gradient-norm clip of
1.0, a label smoothing of 0.05, and maintain an exponential moving
average of the weights with a decay of 0.995.At inference time, We
employ top-p sampling with temperature 0.8 and p = 0.8.

4.3 Baselines

Since there is no prior work on design-conditioned 3D human
adding, we compare our method against two baselines:

o FlexDM. FlexDM [12] is a unified model for solving different
design tasks. We fine-tune FlexDM on our training set, and
adapt it to our problem by empolying a two-stage approach.
In the first stage, we utilize FlexDM to solve an image fill-
ing task to produce an image embedding, by feeding all the
elements in the input design, along with an added image ele-
ment (with all the fields masked out except its category), into
FlexDM. The output image embedding is used to retrieve an
existing image from a database of realistic human images
(taken from the designs in the test set) via cosine similarity
between image embeddings. Then, the pose and framing
parameters are estimated from the retrieve image using an
off-the-shelf human pose and shape estimation method [32].
In the second stage, we use FlexDM to perform layout gener-
ation for the retrieved image. Since FlexDM can not predict
the z-order of an element, for a fair comparison, we use the
z-order generated by our model when composing the human
image into the input design.

e MLLM. We design a baseline leveraging multimodal large
language models (MLLM) for design-conditioned 3D human
adding. Specifically, we provide the input design image along
with its layout information (in textual format) to Gemini 3
Pro [8], and prompt it to predict: 1) a text description for a
human image; 2) the bounding box parameters and z-order
of the human image in the design. The image description is
then fed into a text-to-image model, Nano Banana Pro [9],

https://www.freepik.com
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Table 1: Quantitative evaluation results of different methods.
The best results are in bold, while the second best results are
underlined.

Method HD-AlignT D-FID| MPJPE| Align| Overlap |
FlexDM 4.65 3.90 2176.29 0.17 213.39
MLLM 5.26 7.95 2829.97 0.20 196.03
Ours 6.52 0.07 385.12 0.17 209.11
Real Data 7.06 - - 0.16 210.48

to generate a realistic human image. Finally, the pose and
framing parameters are extracted from the generated image
using an off-the-shelf human pose and shape estimation
method [32].

4.4 Evaluation Metrics

We quantitatively evaluate the performance of our method using
four metrics that cover complementary aspects: human-design co-
herence, overall design quality, pose accuracy, and layout quality.

e Human-Design Alignment (HD-Align). Inspired by CLIP [27],
we train a contrastive model to learn a joint embedding space
of human representations and partial designs (with human
images excluded), where matched human and design lie close
and unmatched ones fall far apart. Our human representation
combines the 3D pose, framing, and human image layout
information. We compute cosine similarity between human
and design embeddings as a HD-Align score, with higher
HD-Align indicating better human-design coherence.

e Design FID (D-FID). We train a variational autoencoder that
encodes both a human representation (combining 3D pose,
framing, and human image layout information) and a partial
design (without any human image) into a holistic design
embedding. We use these embeddings to compute Fréchet
Inception Distance (FID) between generated and real designs
as a measure of overall design quality. Lower D-FID indicates
better holistic design quality.

o MPJPE. We adopt Mean Per Joint Position Error (MPJPE), a
common metric for 3D human pose estimation, to evaluate
predicted 3D poses, which computes the mean Euclidean
distance between predicted and ground-truth 3D joint posi-
tions.

o Alignment, Overlap. We evaluate the quality of predicted
human image layouts (bounding boxes) with two widely
used metrics in the layout generation literature, Alignment
and Overlap [19]. Both metrics are computed on the layouts
of complete designs with human images included.

4.5 Quantitative Results

Table 1 reports the quantitative results of different methods on the
test set. The HD-Align score of our method is better than those of
the baselines by significant margins, while being competitive with
that of the read data (samples in the test set). This suggest great
alignment of our generated human pose, framing and human image
layout with the design context. Our method also shows a noticeable
improvement in D-FID compared to the other methods, highlighting
the superior quality of holistic designs (with added human images)
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Table 2: User study results. For each aspect, the percentage of
the time that each method is chosen as the best is reported.

Method | Human-Design Align  Aesthetic Quality
FlexDM 11.9% 17.8%
MLLM 27.0% 22.5%
Ours 61.1% 59.7%

generated by our method. Our method significantly outperforms
the baselines in MPJPE, confirming that its generated poses are
closer to the ground truth. In addition, our method achieves the best
alignment score and the second best overlap score, which means
that our method can result in spatially cohesive design layouts after
adding human images into the partial designs. Although MLLM
yields the lowest overlap score, the overlap score of our method
(209.11) is quite close to that of the real data (210.48), which suggests
that our resulting layouts encompass a similar amount of overlap
between elements to real designs.

4.6 Qualitative Results

Figure 4 shows visual comparison of results from different methods.
As compared with the baselines, our method can generate 3D hu-
man poses and 2D framing that better harmonizes with the design
context and more closely resemble what professional designers
create. For example, in the first row, our method add multiple hu-
mans whose body orientations are similar to those of humans in
the ground truth design, whereas FlexDM and MLLM generates a
single human facing outwards. In the third row, our method frames
the added human in the same way as the real design—a medium full
shot is used, capturing the human from the top of the head to just
below the waist, while FlexDM and MLLM employ a medium shot
that starts just above the head and ends around the waist. In addi-
tion, our method is able to generate human image layouts that are
spatially compatible with the remaining design elements. MLLM
sometimes falls shot of predicting proper bounding box coordinates
and z-order for the added human image, causing visual conflict
between the human image and other design elements; for example,
a large portion of the added human is occluded by the texts in the
fourth row.

4.7 User Study

We conduct a user study comparing our method with FlexDM and
MLLM for human-design alignment and aesthetic quality. We apply
each method to 100 input designs from our test set to generate
complete designs (with realistic human images added). Our study
involves 23 professional graphic designers. The participants are
shown three generated complete designs by different methods in
randomized order, along with the input design and ground truth
design for reference, and asked to evaluate the generated designs
in terms of two aspects: 1) human-design alignment (whether the
added human image fits well the remaining part of the design in
terms of human pose, framing and image layout; 2) aesthetic quality
(whether the design looks visually aesthetic). For each aspect, the
participants are asked to choose the best generated design. The
results are shown in Table 2. Our method is significantly preferred
over the other methods on both aspects, suggesting that our method
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is able to achieve better human-design alignment and aesthetic
quality. Figure 5 shows some results of different methods that are
displayed in the user study.

5 Conclusion

In this work, we make the first step to bring 3D human model-
ing into the creation of 2D graphic designs, by formulating and
investigating the problem of design-conditioned 3D human adding,
where we aim to add 3D human representations into a partial input
design. Our experimental results demonstrate the superiority of our

proposed model in generating the 3D human poses, 2D framing and
human image layout that better fit with the remaining elements in
the input design, compared to several baselines. We believe that our
effort in this work can inspire future work in building 3D-aware
generative models of graphic design.
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