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Abstract

Vanilla text-to-image diffusion models struggle with gen-
erating accurate human images, commonly resulting in im-
perfect anatomies such as unnatural postures or dispropor-
tionate limbs. Existing methods address this issue mostly
by fine-tuning the model with extra images or adding ad-
ditional controls — human-centric priors such as pose or
depth maps — during the image generation phase. This pa-
per explores the integration of these human-centric priors
directly into the model fine-tuning stage, essentially elimi-
nating the need for extra conditions at the inference stage.
We realize this idea by proposing a human-centric align-
ment loss to strengthen human-related information from the
textual prompts within the cross-attention maps. To ensure
semantic detail richness and human structural accuracy
during fine-tuning, we introduce scale-aware and step-wise
constraints within the diffusion process, according to an in-
depth analysis of the cross-attention layer. Extensive exper-
iments show that our method largely improves over state-of-
the-art text-to-image models to synthesize high-quality hu-
man images based on user-written prompts. Project page:
https://hcplayercvpr2024.github. io.

1. Introduction

Recent advancements in diffusion models have significantly
improved text-to-image (T2I) generation, consistently en-
hancing the quality and precision of visual synthesis from
textual descriptions [28, 31, 36, 39]. Within the paradigm of
T2I, generating human images emerges as a specific focus,
drawing substantial attention for its potential in applications
such as virtual try-on [53] and entertainment [27]. Despite
the remarkable advancements, human image generation still
faces challenges, including the incomplete rendering of the
human body, inaccuracies in the portrayal, and limb dispro-
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Figure 1. Existing text-to-image models often struggle to gener-
ate human images with accurate anatomy (upper branch). We in-
corporate human-centric priors into the model fine-tuning stage to
rectify this imperfection (bottom branch). The learned model can
synthesize high-quality human images from text without requiring
additional conditions at the inference stage.

portions, such as the imperfect case shown in Figure 1. The
challenges in generating human images arise from the dif-
fusion model’s inherent emphasis on broad generalization
across diverse data, leading to a lack of detailed attention to
human structure in the generated images. Resolving these
issues is essential for advancing the field toward producing
more realistic and accurate human images from textual de-
scriptions.

The straightforward method to tackle the challenges in
human image generation involves using additional condi-
tions during both the training and inference phases, e.g.,
ControlNet [48]. While employing extra conditions like
pose image guidance indeed improves the structural in-
tegrity of human, their reliance on additional conditions
does not address the challenges inherent in human image
generation. It restricts the direct creation of diverse images
from text prompts, and requires extra conditions beyond
text during inference, making the process tedious and less
end-user friendly. Alternatively, another efficient approach
employs fine-tuning methods, e.g., LoRA [17], which adjust
pre-trained models on specialized human-centric datasets
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for more accurate human feature representation. While
this approach can enhance human image generation, it may
modify the model’s original expressiveness and lead to
catastrophic forgetting, resulting in outputs that are limited
by the characteristics of the fine-tuning dataset.

Thus, our work concentrates on text-based Human Im-
age Generation (tHIG), which relies exclusively on textual
inputs without requiring additional conditions during infer-
ence. The primary objective of tHIG is to address the chal-
lenges in human image generation within diffusion models,
enhancing their expressive power while leveraging the in-
herent diversity and simplicity of diffusion models to gener-
ate human images without additional conditions. To tackle
the challenges in human image generation, we delved into
several key factors for influencing the final output. Firstly,
echoing the findings from [14], our analysis shows the role
of cross-attention maps within diffusion models is a funda-
mental element, significantly impacting the structural con-
tent. This impact is particularly crucial in the generation of
human body structures, where accurate representation de-
pends critically on these maps’ effectiveness. Furthermore,
incorporating human-centric priors, such as pose image,
has been shown to enhance human representation in syn-
thesized visuals [19]. Aligning this with the inherent capa-
bilities of existing T2I models provides a solid foundation
for generating more realistic human figures.

Building on the outlined motivations, our work in-
troduces a novel plug-and-play method for tHIG, which
emerges from comprehensive insights into the diffusion
process, with a particular focus on the crucial role of
cross-attention maps. We present the innovative Human-
centric Prior (HcP) layer, designed to enhance the align-
ment between the cross-attention maps and human-centric
textual information in the prompt. Incorporating a special-
ized Human-centric Alignment loss, the HcP layer effec-
tively integrates other auxiliary human-centric prior infor-
mation, such as key poses, exclusively during the train-
ing phase. This inclusion improves the capability of the
diffusion model to produce accurate human structure only
with textual prompts, without requiring additional condi-
tions during inference. Furthermore, our approach adopts
a step and scale aware training strategy, guided by our in-
depth analysis of the cross-attention layers. This strategy
effectively balances the structural accuracy and detail rich-
ness in generated human images, while preserving the di-
versity and creativity inherent to T2I models.

We validate our HcP layer with Stable Diffusion [35].
The HcP layer can preserve the original generative capabil-
ities of the diffusion model and produce high-quality hu-
man image generation without requiring additional condi-
tions during the inference phase. Moreover, the HcP layer
is compatible with the existing controllable T2I diffusion
models (e.g., ControlNet [48]) in a plug-and-play manner.

2. Related Work

Text-to-Image Generation. T2I as a rapidly evolving field,
has witnessed the emergence of numerous model architec-
tures and learning paradigms [3, 5-7, 21, 25, 31, 32, 39,
41, 43, 45, 46, 50-52]. Generative Adversarial Networks
(GANs) based models [29, 40, 54] initially played a pivotal
role in this field, establishing key benchmarks for quality
and diversity in generated images. Recent advancements
[28, 31, 35, 36] in diffusion models have significantly en-
hanced the capabilities of text-to-image generation. Diffu-
sion models derive their effectiveness from a structured de-
noising process [16], which transforms random noise into
coherent images guided by textual descriptions. For exam-
ple, latent diffusion [35] utilizes a latent space-based ap-
proach where it first converts text into a latent representa-
tion, which is then progressively refined into detailed im-
ages through a denoising process. In this work, we build
upon these diffusion model advancements by introducing
HcP layer, specifically designed to enhance HIG.

Human Image Synthesis. Human image synthesis is an
area of significant interest due to its broad applications in
industries such as fashion [11, 12] and entertainment [27].
Most efforts [4, 19, 22, 26, 33, 34, 42, 47-49] to address
the challenges of diffusion models in accurately represent-
ing human structure have relied on introducing additional
conditions during both training and inference stages. For
example, HumanSD [19] proposes a native skeleton-guided
diffusion model for controllable human image generation
by using a heatmap-guided denoising loss. However, this
approach often complicates the image generation process
and can limit the diversity of output images. Our work in-
troduces the HcP layer and employs a targeted training strat-
egy that enhances human image synthesis in diffusion mod-
els without additional conditions, which ensures the high-
quality generation of human images.

Image Editing via Cross-Attention. Recent advance-
ments in text-driven image editing have shown significant
progress, especially within the paradigm of diffusion-based
models [1, 9, 20, 23]. Kim et al. [20] show how to perform
global changes, whereas Avrahami et al. [1] successfully
perform local manipulations using user-provided masks for
guidance. Progress in text-driven image editing primarily
relies on refining the cross-attention layers within U-Net ar-
chitectures [10, 14, 44]. For example, the work of Hertz
et al. [14] presents several applications which monitor the
image synthesis by editing the textual prompt only. This in-
cludes localized editing by replacing a word, global editing
by adding a specification, and even delicately controlling
the extent to which a word is reflected in the image. How-
ever, our approach enhances the influence of certain text
embeddings during image generation, ensuring efficiency
without additional conditions at inference.
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3. The Proposed Approach

Our approach starts with an in-depth analysis of the obser-
vation from the behavior of the cross-attention layer during
the diffusion process. Based on this analysis, we propose
the Human-centric Prior layer with Human-centric Align-
ment loss to infuse human-centric prior knowledge. Sub-
sequently, we detail the training strategy on both scale and
step aware aspects. Figure 4 illustrates the procedure asso-
ciated with the proposed HcP layer in the pre-trained latent
diffusion model.

3.1. Analysis of Cross-Attention Layer

For the tHIG task, the aim is to generate a diverse set of im-
ages using a given text-to-image generation model driven
by human-authored prompts. However, there exist certain
issues in the context of generating human images, such as
structural inaccuracies and inconsistent body proportions.
As demonstrated in [14], the detailed structures in the gen-
erated images crucially depend on the interaction between
the pixels and the text embedding at the cross-attention lay-
ers of U-Net. Consequently, we further examine the rela-
tionship between human body structures and each text token
embedding in human image generation through the cross-
attention process. For instance, in challenging cases like the
prompt “a young woman doing yoga on the beach,” we ob-
serve significant issues in rendering accurate human poses
and proportions, as illustrated in Figure 2. Note that all ob-
servations and analysis are conducted on the publicly avail-
able Stable Diffusion v1-5 model [35].

4 a

young woman doing  yoga on beach

Figure 2. Average cross-attention maps across all timestamps of a
text-conditioned diffusion process. These maps contain semantic
relations with texts that affect the generated image, exemplified by
the inaccurate duplication of legs in the generated human figure.

We can see that the cross-attention map corresponding
to “woman” and “yoga” closely reflects the human pose,
and the map for “beach” corresponds to background. This
strong correlation between attention maps and texts indi-
cates that cross-attention layers, guided by specific text em-
beddings, play a pivotal role in shaping the semantic content
of the image. This also implies that insufficient capabilities
of cross-attention layers can affect the results of generated
images. Building on this observation, we conduct a com-
prehensive analysis as shown in Figure 3, to identify and
address the underlying causes of prevalent issues in tHIG.
Step-wise Observation. The inference of the diffusion

model is essentially a denoising process. Given each step
in the diffusion process incrementally refines the output im-

Figure 3. The cross-attention maps, as influenced by the fixed to-
ken ’yoga’, are across various stages of the U-Net architecture at
different inference timesteps. The vertical axis represents the in-
ference timestep when using DDIM [38], while the horizontal axis
corresponds to the different scale stages within the U-Net frame-
work. The right side displays generated images at each step.

age, it’s essential to analyze the impact of early vs. later
steps, especially in the context of human-centric image gen-
eration. As illustrated in Figure 3, the anatomical structure
of the human subject becomes distinguishable in the very
early steps. Later steps, while refining and enhancing the
image, primarily focus on the optimization of finer details
rather than significant structural alterations. This indicates
the role of the initial steps is determining the overall struc-
ture and posture of the generated human figure, while later
steps work on refining details to improve the final output.

Scale-wise Observation. Based on our step-wise observa-
tions, we further investigate the role of resolution scale in
synthesizing human images, particularly within the U-Net
architecture of diffusion models. As illustrated in Figure
3, we observe that as the resolution decreases (towards the
middle of the U-Net architecture), mid-stage timesteps pre-
dominantly determine the structural aspects of the human
figure. At the smaller resolution scale, located at the mid-
point of the U-Net, all timesteps collectively influence the
human structure, with early timesteps playing a more sig-
nificant role. Conversely, as the resolution increases again
(moving towards the output layer), the early timesteps be-
come key in defining the structure. These observations un-
derscore the complexity inherent in the cross-attention lay-
ers and the pivotal role of different scales and steps in the
human image generation process.
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Figure 4. Overview of the proposed learnable Human-centric Prior layer training in the frozen pre-trained latent diffusion model. The left
part shows the process of human-centric text tokens extraction, the middle part indicates the overall process of the HcP layer plugged into
the U-Net framework, and the right part shows the HcP layer training with the proposed human-centric alignment loss.

3.2. Human-centric Prior Layer

As we discussed in Section 3.1, text embeddings related to
humans and actions significantly influence the human struc-
ture in the generated image, which is particularly evident
within the associated cross-attention maps. Therefore, we
suggest that by enhancing the sensitivity of diffusion mod-
els to human-centric textual information during the denois-
ing process, we can improve the structural accuracy and
details in the generated images. To do this, we propose
an additional learnable module, the Human-centric Prior
(HcP) layer, to strengthen the interactions between the la-
tent features and the human-centric textual within the cross-
attention maps. This module is integrated without altering
the pre-existing expressive capacity of the cross-attention
layers, whose parameters remain frozen during training.
Within the latent diffusion framework, the structure al-
lows the cross-attention layer to effectively incorporate tex-
tual information into the image synthesis process. Specifi-
cally, in this cross-attention mechanism, query Q represents
the latent representation, capturing the spatial attributes at a
specific resolution stage. On the other hand, both key K and
value V are derived from the text-conditioned embeddings
C={C,Cy,...,Cp},C € RN*P where N and D denote
text token length and embedding dimension. Subsequently,
we introduce an additional “Key” into the cross-attention
mechanism, denoted as Kj,. This key is also derived from
the text embeddings C via the HcP layer which is composed
of multiple MLP networks. Then, K} interacts with the
Query, generating the human-centric attention map My, as:

QK/
Nz

M, = softmax < (1)

>,Kh¢<ch>,

where ¢(-) represents the transformation carried out by the
HcP layer and d indicates the latent projection dimension of
the keys and queries. Then the forward attention map of the
cross-attention layer in the pre-trained denoising network is
defined as the combination of the human-centric attention
map M, and the original attention map M:

M =M+ (1 =7)My, 2)
where ~ denotes the attention combination weight. Note
that the HcP layer is a plug-and-play module that can be
combined with any cross-attention layers. This integration
not only preserves the expressive power of the existing pre-
trained U-Net, but also addresses the issues of human struc-
ture generation within the image synthesis process. Subse-
quent subsections will describe the training process for the
HcP layer to incorporate human-specific information.

3.3. Human-centric Alignment Loss

Acknowledging the diffusion model’s deficiency in focus-
ing on the details of human structure, we focus on en-
hancing human-specific information within the HcP layer.
Meanwhile, key pose images, effective in representing hu-
man body structures, are leveraged as essential sources of
human-centric prior information. Consequently, we have
designed a novel loss function that aligns this human-centric
prior information with the HcP layer, thereby addressing the
structural challenges in human image generation.
Concretely, a pre-trained entity-relation network is first
deployed to extract human-centric words from textual
prompts. For instance, woman and yoga from the phrase
“A young woman doing yoga on beach”. Upon identifying
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human-centric terms, we only train corresponding indices
within the attention map. This selective approach ensures
the training focus of the human-centric attention map to the
relevant regions. We then utilize a pre-trained encoder, such
as ResNet50, to extract features H from the correspond-
ing key pose images that provide a reference for human-
centric characteristics. These features are aligned with the
human-centric attention map M}, facilitated by a specially
designed Human-centric Alignment Loss. This loss is com-
puted using cosine distance, formulated as:

Lhea(H, Mp) = U‘EZ H, Mpli)], 3
1€Ln
where D(-, -) denotes the cosine similarity function and |Z}, |

is the count of human-centric word indices. By minimizing
the cosine distance in this manner, the human-centric at-
tention map becomes more focused on human-centric prior
information, as illustrated in the right part of Figure 4. No-
tably, refinement is constrained to areas related to relevant
tokens, with human-centric prior information directing the
synthesis of human structures.

3.4. Scale & Step Aware Learning

Our detailed scale and step analysis in the inference phase
(Section 3.1) reveal a critical insight that the formation of
human structure is closely linked to the resolution scale at
different U-Net stages. Based on this observation, we intro-
duce a learning strategy that addresses the unique scale and
step characteristics observed in the U-Net architecture. In
this work, we first partition the U-Net of the Stable Dif-
fusion v1-5 model into three distinct stages: down, mid,
and up. This partition reflects the different resolution scales
within the U-Net, as shown in Figure 5.

In order to dynamically adjust the loss weights A at each
stage of the U-Net, we utilize the cosine function, specif-
ically adapted to the distinct characteristics of each scale.
The formula for this dynamic adjustment is expressed as:

t
cos T g) , if [ € down-scale
t—T
M(t) = { cos [ —— - T , if{ € mid-scale  (4)
T 2
2t—T
cos T ;T) , if [ € up-scale

where [ denotes the cross-attention layer number in U-Net.
For the down-scale stage, the loss weight follows a cosine
function that varies in a straightforward manner with the
progression of timestep ¢ relative to the maximum timestep
T. This adjustment significantly impacts the human struc-
tural aspect at early timesteps. For the mid-scale stage,
where the resolution is lower, the loss weight is adjusted
through a cosine function centered around the midpoint of
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Figure 5. Alignment of layer-specific ResNet features with corre-
sponding scale ([64%,322,162,8?]) human-centric attention maps
in each cross-attention layer of the U-Net architecture for human-
centric alignment loss

the timesteps. This adjustment allows a higher emphasis
on the later ones. For the up-scale stage, as the resolution
increases, the cosine function is designed to rapidly empha-
size the middle timesteps, highlighting their importance in
defining the human structure as the resolution scales up.

This strategy is designed to optimize the learning pro-
cess by adapting to the specific requirements at different
scales and steps, as revealed in our prior cross-attention
map analysis. It adjusts the learning focus, transitioning
between structural definition and detailed texturing in ac-
cordance with the resolution scale.

Overall Optimization. Meanwhile, the denoising loss is
also incorporated into the training process to further ensure
the quality of the synthesized images. Therefore, the overall
optimization objective can be expressed as follows:

Ligm =By conollle — oz, t)3] (5)
L=« Z()\l () - LLen) + Liam » (6)
leL

where L denotes the number of U-Net layers and o denotes
the human-centric alignment loss weight. In contrast to
other approaches, our method preserves the original genera-
tive capabilities of the model without altering its expressive
power and focuses on refining the human structure within
the generated images to ensure a more reasonable represen-
tation. Meanwhile, it operates without extra inputs, thereby
maintaining diversity in the generative process.

4. Experiments

We validate the proposed HcP layer for HIG in various sce-
narios and introduce the experimental setup in Section 4.1,
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present the main results in Section 4.2, and detailed abla-
tions and discussions in Section 4.3 and 4.4. Please see the
Appendix for additional results and analyses.

4.1. Setup

Datasets. (1) Human-Art [18] contains 50k images in 20
natural and artificial scenarios with clean annotation of pose
and text, which provide precise poses and multi-scenario for
both training and quantitative evaluation. (2) Laion-Human
[18] contains 1M image-text pairs collected from LAION-
5B [37] filtered by the rules of high image quality and high
human estimation confidence scores.

Evaluation Metrics. To comprehensively illustrate the ef-
fectiveness of our proposed method, we adopt three differ-
ent types of metrics: (1) Image Quality: Frechet Inception
Distance (FID) [15] and Kernel Inception Distance (KID)
[2] to measure the quality of the syntheses. (2) Text-image
Consistency: CLIP-Score [30] to evaluate text-image con-
sistency between the generated images and corresponding
text prompts. (3) Human Evaluation: This further evaluates
the anatomy quality and examines the consistency between
the text-image pairs using human’s subjective perceptions.

Baselines. We compare HcP layer to the following meth-
ods. (1) Stable Diffusion (SD) v1-5 [35] without any mod-
ification. (2) Low-rank Adaptation (LoRA) [17] fine-tuned
with SD model on both Human-Art training set and Laion-
Human set. Additionally, we also compare with ControlNet
[48] using the OpenPose condition, and SDXL-base [28].

Implementation Details. The total trainable parameters
are from the proposed HcP layer which consists of three
1024-dimensional MLP blocks. We choose key pose im-
age as human-centric prior information and use pre-trained
ResNet-50 [13] as the human-centric prior information ex-
tractor. To align the scale of each layer’s features of ResNet-
50 with those from the cross-attention layer in U-Net, the
input pose images are resized to 256 x 256. We select the
top eight features with the highest variance across channels
from the last four stages of ResNet50. These are leveraged
as the multi-heads for the cross-attention layer of U-Net,
with the head number set to 8. During training, we use the
AdamW optimizer [24] with a fixed learning rate of 0.0001
and weight decay of 0.01, and we set v = 0.9 and o = 0.1
for loss control. In the inference stage, we adopt DDIM
sampler [38] with 50 steps and set the guidance scale to 7.5.
All experiments are performed on 8 x Nvidia Tesla A100
GPUs. More implementation details in Appendix C.

4.2. Main Results

We validate the superiority of the HcP layer by combining
with pre-trained SD and making comparisons with vanilla
SD, and SD enhanced with LoRA, from both qualitative and
quantitative perspectives.

Prompt: a woman in a white dress is performing a ballet

SD

V1-5

with

LoRA

with

HcP

SD

V1-5

with

LoRA

with

HcP

Figure 6. Qualitative comparison with baseline methods on two
example prompts. We leverage the pre-trained SD v1-5 model for
both “with LoRA” and “with HcP” models while keeping it frozen.
More examples across domains are included in the Appendix E.4.

Qualitative Evaluation. As shown in Figure 6, for simpler
actions like “jumping”, the pre-trained SD enhanced with
LoRA shows improved quality in human image genera-
tion, but its effectiveness diminishes with more complex ac-
tions such as “ballet”. Furthermore, LoRA somehow alters
the depiction of the original diffusion model, especially for
background content, indicating that it enhances the genera-
tion of human structures while simultaneously affecting the
model’s intrinsic capability to represent scenes. In contrast,
our proposed method with the HcP layer shows consistently
accurate human structure generation across a variety of ac-
tions, both simple and complex. Notably, our method re-
tains the original expressive power of the pre-trained SD
more effectively, maintaining both the background content
and human structure more closely aligned with the original
model, reflecting a more focused enhancement. This evalu-
ation demonstrates the effectiveness of the HcP layer in ad-
dressing human image structure issues without significantly
altering the model’s overall image synthesis capabilities.

Quantitative Evaluation. According to the results in Ta-
ble 1, the image quality metrics reveal that our HcP method
does not compromise the original generation quality of the
SD v1-5 model. Furthermore, our approach achieves a more
significant increase in CLIP-Score compared with LoRA
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Table 1. FID, KID, and CLIP-Score results on Human-Art val-
idation datasets. | indicates that lower FID and KID are better,
reflecting higher image quality; 1 denotes higher CLIP-Score in-
dicating better alignment with textual descriptions.

Quality Consistency
Method gy | KID, 1 | CLIP-Score 1
SD 33.31 9.38 31.85
+LoRA 29.22 5.83 31.91
+ HcP 28.71 5.62 32.72

Table 2. Human evaluation on the real-human category of
Human-Art dataset. Participants were asked to rate every pair
by using a 5-point Likert scale (1 = poor, 5 = excellent), consider-
ing anatomy quality (AQ) and text-image alignment (TIA).

Method Acrobatics  Cosplay Dance Drama Movie
AQ TIA AQ TIA AQ TIA AQ TIA AQ TIA
SD 1.6 22 35 41 20 25 20 18 30 34

+LoRA 18 22 36 41 21 25 20 25 30 35
+ HcP 27 35 38 43 35 40 32 26 31 36

fine-tuning. This improvement underscores the efficacy of
the HcP layer in refining human structure generation, ensur-
ing a more accurate depiction of human poses and propor-
tions in alignment with the textual descriptions.

Human Evaluation. To further verify the efficacy of HcP,
we invited participants to evaluate our prompt-generated
image pairs under the guidelines of multimedia subjective
testing [8]. To be specific, we use different methods to
generate 200 images for different domains in the Human-
Art dataset. The results presented in Table 2 demonstrate
a significant improvement in generating human figures for
complex domains (‘acrobatics’, ‘dance’, and ‘drama’) using
our method, compared to both SD and LoRA. Additionally,
our approach yields comparable results to these methods in
simpler domains (‘cosplay’ and ‘movie’). These findings
further validate the effectiveness of our proposed method in
improving the capability of the diffusion model to produce
a more accurate human structure and meanwhile retaining
the original expressive power of the pre-trained diffusion
model. More details can be seen in Appendix E.1.

4.3. Ablation Study

Different Timestamp Stages. During the training phase
with the DDPM, which involves a maximum of 1000
timesteps, we selectively apply the human-centric align-
ment loss in different time segments: early, middle, and
late phases, as shown in Figure 7. When the human-centric
alignment loss is introduced during the early timesteps, the
influence on human image generation is comparatively min-
imal. Essentially, applying the alignment loss too early fails
to fully leverage the human-centric prior information. Con-
versely, when applied during the mid or late timesteps, the
human-centric alignment loss affects the generation of hu-
man structures. It leads to the creation of more accurate

Prompt: @ woman doing yoga in a park

step >

SD vis 0-100 500-600 900-100 with HcP

Figure 7. Ablation on different timestamp stages. The middle
three images are the outcomes of training the model in three dis-
tinct phases (0-100, 500-600, and 900-1000 timesteps) without the
cosine function for scale adjustments.

Prompt: @ woman doing yoga in a park

with HCP

SD vis Down Mid Up

Figure 8. Ablation on cosine function in different scale stages.
The middle three images are the outcomes of training the model at
the down, mid, and up scales without cosine function adjustments.

human images through efficiently utilizing human-centric
prior information. This finding aligns with our inference
stage observation in Section 3.1, which the initial steps are
crucial in establishing the overall structure and posture of
the generated human image, while later steps work on re-
fining details to improve the quality of the final output.

Scale-Aware Training. In this validation, we separately
excluded the cosine function adjustment at the down-scale,
mid-scale, or up-scale stages of the U-Net, as results shown
in Figure 8. As illustrated, the absence of the cosine func-
tion adjustment in the mid-scale leads to outcomes nearly
unchanged from the final images, though with certain limi-
tations. This corroborates our observation that at the smaller
resolution scale, all timesteps collectively contribute to
shaping the human structure. Significant deviations in re-
sults are observed when the cosine function adjustment is
not applied in either the up or down scales, especially in
the up-scale, which reinforces our observation regarding
the distinct influence of different scale stages. Meanwhile,
these further validate the appropriateness of applying cosine
function adjustments at each scale in the U-Net architecture.
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ControlNet SD with HcP

with HcP

Prompt:
a woman in a
white dress is
performing a

ballet

Figure 9. Comparisons and compatibility with the control-
lable HIG application. By plugging the HcP layer trained on
pre-trained SD into ControlNet [48], our method can further
boost both the quality and consistency compared with the origi-
nal ControlNet-OpenPose model.

SD vi5 with HeP POse  with Hep Depth

Prompt: I
awomanina |
white dress is !
performing a :

ballet 1

Figure 10. Comparisons by using different sources of human-
centric prior information. The middle and right images utilize
pose and depth images as the human-centric prior information re-
spectively. More results can be seen in Appendix E.3.

4.4. Discussion

Controllable HIG. Considering the adaptable design of our
proposed HcP layer as a plug-and-play approach, it can also
be extended to Controllable HIG applications. According to
Figure 9, despite having a defined pose, ControlNet still en-
counters challenges in accurately generating human struc-
tures. Interestingly, by simply plugging the proposed HcP
layer, which is fine-tuned only on the SD instead of the
ControlNet model, into the ControlNet, human images with
more precise structure and posture are obtained. Moreover,
even utilizing only the pre-trained SD model with the HcP
layer without relying on any additional condition in the in-
ference phase, our method can acquire comparable results
and ensure diverse generations based on only textual inputs.
More comparisons can be seen in Appendix E.2.

Human-centric Prior Information. In Figure 10, we uti-
lize depth images as an alternative source of human-centric
prior information. The results demonstrate that depth im-
ages are also effective in correcting inaccuracies in human
image generation. While depth prior can enhance the detail-
ing of the generated images, they tend to slightly alter the
details of the original human image, such as the textures of
clothing, compared to pose images. In future work, we plan
to investigate how to use multiple types of human-centric

Prompt: a female dancer in a purple dress is jumping

SDXL

base

with
HcP

SDXL

base

with
HcP

Figure 11. Results on larger diffusion model using HcP layer.
We leverage the pre-trained SDXL-base model for the “with HcP”
model while keeping it frozen. More examples of different scenar-
ios are included in the Appendix E.4.

prior information to optimize the balance between detail en-
hancement and structural accuracy for generated images.

Large Diffusion Model. To assess the effectiveness of our
method on larger vision models, we evaluated it on SDXL-
base, as shown in Figure 11. The results demonstrate that,
while SDXL generally produces human images with better
structure and detail compared to SD v1-5, it still exhibits
some issues. For example, the proportions of the legs are
not harmonious in the first image, and extra legs are in other
figures. Notably, our method not only capably addresses
these issues on the larger model but also enhances the over-
all fidelity and precision of the generated images.

5. Conclusion

In this work, we propose a simple yet effective method of
using human-centric priors (HcP), e.g., pose or depth im-
ages, to improve human image generation in existing text-
to-image models. The proposed HcP layer effectively uses
information about humans during the fine-tuning process
without requiring additional input when generating images
from text. Extensive experiments demonstrate that the HcP
layer not only fixes structural inaccuracies in human struc-
ture generation but also preserves the original aesthetic qual-
ities and details. Future work will explore the integration of
multiple types of human-centric priors to further advance
human image and video generation.
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