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Abstract

We present a methodology for conditional control of hu-
man shape and pose in pretrained text-to-image diffusion
models using a 3D human parametric model (SMPL). Fine-
tuning these diffusion models to adhere to new conditions
requires large datasets and high-quality annotations, which
can be more cost-effectively acquired through synthetic data
generation rather than real-world data. However, the do-
main gap and low scene diversity of synthetic data can com-
promise the pretrained model’s visual fidelity. We propose
a domain-adaptation technique that maintains image qual-
ity by isolating synthetically trained conditional informa-
tion in the classifier-free guidance vector and composing it
with another control network to adapt the generated images
to the input domain. To achieve SMPL control, we fine-tune
a ControlNet-based architecture on the synthetic SURREAL
dataset of rendered humans and apply our domain adapta-
tion at generation time. Experiments demonstrate that our
model achieves greater shape and pose diversity than the 2d
pose-based ControlNet, while maintaining the visual fidelity
and improving stability, proving its usefulness for down-
stream tasks such as human animation. Our code is avail-
able at: https://ivpg.github.io/humanLDM

1. Introduction

The advent of advanced generative diffusion models,
particularly Latent Diffusion Models (LDMs) [26], has rev-
olutionized the field of image generation. Models for text-
to-image synthesis such as Stable Diffusion [26], DALLE-
3 [2] or Gemini [35] have made high-quality image synthe-
sis from complex prompts accessible to a broad audience
of users worldwide. Text alone, however, is not sufficient
in many cases to describe exact scene layouts, subjects, or
style. Recent techniques for added spatial control have en-
hanced the capabilities of these models by incorporating
various forms of spatial guidance. ControlNet and T2I-
Adapter [22, 39], for instance, augment LDMs with local-
ized, task-specific conditions like edges and human poses,

(b) Synthetic training data [37]

Figure 1. Our approach allows 3d parametric control over human
pose and shape (a) in LDMs using SMPL [18] meshes. We train
on synthetic data (b) and propose a domain adaptation technique
to adapt model outputs into the original visual domain.

allowing for precise control over the generated images.
Our work focuses on precise control over humans in gen-
erated scenes (Fig. 1). While 2D pose conditions [22, 39]
allow specifying constraints on human poses, body shapes
are not controllable, and specified poses might suffer from
3D ambiguities, complicating precise human-centric illus-
tration and animation. To address this, we aim to control
body pose and shape using the commonly used 3D human
parametric model, SMPL [18]. Our approach modifies the
ControlNet [39] architecture to use SMPL parameter em-
beddings in the cross-attention blocks that typically attend
to text condition embeddings. This modification enables
the model to control global image content based on SMPL
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guidance, seamlessly integrating human geometry informa-
tion into the generation process (Fig. 1a).

However, training such control networks for large LDMs
like Stable Diffusion (SD) [26] typically requires an anno-
tated training dataset with a large and diverse set of high-
quality images to retain the output fidelity of the original
network. Most existing real-world datasets for 3D annota-
tions, including SMPL parameters, do not meet these cri-
teria, particularly regarding scale and diversity in scenes
and body shapes. Synthetic datasets such as SURREAL
[37] provide images with diverse body shapes and scenes
at scale, and offer further advantages such as high-quality
annotations and lower regulatory barriers. However, the vi-
sual fidelity of synthetic datasets is typically degraded. For
instance, SURREAL [37] suffers from non-photorealistic
shading (Fig. 1b), inadequate blending between subjects
and background, as well as low image resolution, leading
to a visual domain shift in SD networks fine-tuned on it.
Our goal is to extract the human shape and pose information
while discarding the visual aesthetics from such datasets.
While traditional domain adaptation techniques [ 1, 3] aim
to translate synthetic data to real-world appearance, adapt-
ing synthetic datasets to the full visual range of outputs of
large text-to-image LDMs representing diverse and com-
plex scenes like SD is challenging.

We introduce a technique for domain adaptation in the
latent space of LDMs to extract the control condition
of a synthentically-trained LDM control network and ap-
ply it in the visual domain of the original model using
classifier-free guidance. For human body shape and pose
control, we obtain a SMPL-conditioned vector from our
synthetically trained ControlNet, which is then composed
with outputs of another control network for visual domain
guidance, effectively adapting the isolated SMPL-condition
to the visual appearance and fidelity of the original SD
model. Our results demonstrate significantly improved ad-
herence to shape and pose compared to current control ap-
proaches [22,39], while simultaneously retaining the visual
fidelity (in terms of KID and Inception Score) of SD.

In summary, our contributions are as follows:

* We introduce a classifier-free guidance-based tech-
nique for domain adaptation in LDMs to adapt the
visual domain of control models trained on synthetic
data to the original high fidelity domain .

* We propose a SMPL-based control model for shape
and pose control trained on the synthetic SURREAL
[37] dataset.

* We demonstrate the efficacy of our approach in terms
of visual fidelity, SMPL accuracy, and comparisons
against state-of-the-art methods and ablated configu-
rations.

2. Related Work

Image Generator Domain Adaptation. Domain adap-
tation [13] aims to shift the data distribution of a model to a
new domain different from the one it was trained in. Vari-
ous domain adaptation methods for image generation mod-
els have been explored, both to adapt model weights [6,34],
as well as outputs during inference [21,24,40]. The latent
space of GANs such as StyleGAN [12] has been shown
to be highly adaptable to new conditional domains such
as CLIP [25]-embeddings [6,24] or LDM-based classifier-
free guidance [32]. Adding conditional control to LDMs
without retraining on labeled data can be seen as a form of
test-time domain adaptation (TTA) [15], adapting the model
feature space [36] or the latent noise vector [21,40] to the
new conditional domain during generation. However, these
methods do not address visual domain shifts. Our proposed
generator domain adapation technique, similar to traditional
TTA [15], transfers the visual domain from a synthetically
trained source to a desired visual target domain at gener-
ation time. Instead of adapting training data [!] or model
weights [34], we isolate the conditioning signal from its vi-
sual appearance using classifier-free guidance. Following
Liu et al. [17], who proposed the composition of multiple
conditional domains, we use guidance composition to com-
bine the isolated SMPL guidance vector with a visual do-
main guidance vector from a control network trained in the
original SD domain.

Controlling Text-to-Image Models. Several meth-
ods manipulate and control text-to-image diffusion mod-
els. ControlNet [39] and T2I-Adapter [22] enhance pre-
trained LDMs with spatially localized, task-specific condi-
tions such as edges, depth, and human poses by integrat-
ing retrained model blocks or trainable adapters [22, 39].
DreamBooth [23] fine-tunes models for subject-specific
generation and style control using diffusion guidance. In-
structPix2Pix [4] enables text-based semantic editing and
stylization of input images. Training-free methods, manipu-
late guidance vectors [20,33], null-text embeddings [21,40],
or features [36]. DreamWalk [20] decomposes prompts
into components and, similar to ours, uses compositional
guidance [ 7] to emphasize style or spatial concepts during
classifier-free guidance. In contrast to the preceding works
that either assume availability of in-domain training data at
scale or rely on less precise prompt- or feature-injection at
runtime, our approach addresses adding fine-grained spatial
control to text-to-image LDMs in the presence of only syn-
thetic data.

SMPL-based Control. Only few methods have so far
explored 3D body control in LDMs, mostly in the context of
reference image control. Champ [30] uses SMPL condition-
ing, and MagicAnimate [38] uses dense-pose [7] condition-
ing of LDMs to enhance shape alignment and motion guid-
ance in human image animation. By extracting pose and
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Figure 2. A pretrained ControlNet conditioned on 2d poses ¢, with outputs esp (a) generates text- and pose-guided images along a
guidance vector Ge,,, ¢, in the data domain psp (blue) of the SD model. To condition on SMPL parameters c; for additional human shape
control, the model is fine-tuned on a synthetic dataset (b), shifting the model outputs esp- into the synthetic data domain pgsyn (orange).
Our approach proposes guidance vector composition (c) to adapt the visual output domain to psp while retaining shape and pose control.

shape information from a reference video and conditioning
an LDM on the rendered semantic maps, they can gener-
ate consistent and controllable human animations that repli-
cate the actions observed in the reference video. Compared
to these approaches, our method focuses on reference-free
text-to-image generation with SMPL guidance while retain-
ing the full representation capability of the original LDM.

3. Method
3.1. Problem Setting

Traditional fine-tuning of a generative model on condi-
tional data typically shifts the output distribution to match
the conditional training data. Mathematically, an uncon-
ditional generative model with parameters 6 learns the
probability distribution Py(x) of a training dataset D =
{x1,®2,...}. Fine-tuning with a second annotated dataset
D' = {(yy,¢1), (yy, €2), ...}, optimizes § to approximate
the conditional distribution Py (y | ¢). This step shifts
the marginal distribution of the model to the domain of the
dataset D', effectively approximating Py (y). This process
retains visual output fidelity if the distributions P(x) and
P(y) are similar. For instance, ControlNet [39] matches
the visual characteristics of Stable Diffusion by training on
similar data with added control annotations (see Fig. 2a).
Here, the pretrained 2d-pose conditioned ControlNet re-
mains within the original training domain FPsp. In contrast,
fine-tuning on synthetic data, often with lower visual qual-
ity, can lead to a domain shift in Py (y) and degrade output
fidelity. As shown in Fig. 2b, a ControlNet fine-tuned on a

3d pose and shape dataset adheres to the target condition-
ing, but also shifts to the aesthetics of the synthetic data
Psyn. Faced with the challenge of fine-tuning LDMs with
out-of-domain synthetic data to enable control over con-
ditional information, we instead propose a domain adap-
tation technique that makes use of inherent properties of
the LDM image generation process. The key idea is to iso-
late the conditional information from its domain and apply
it within the original model’s domain using classifier-free
guidance to achieve Py, ~ P(x | ¢). As depicted in Fig. 2c,
our guidance composition approach applies shape and pose
conditioning in the target domain, maintaining high visual
fidelity.

3.2. Guidance Domain Adaptation

Next, we detail our general approach to guidance-based
domain adaptation. We utilize two separate SD-control net-
works, with one responsible for visual domain guidance, i.e.
targeting the desired appearance distribution Psp, and the
other for attribute guidance, i.e., targeting the conditional
attribute distribution Psyn(y|c). By composing these with
classifier-free guidance, we isolate the attribute and shift its
visual domain to the desired appearance.

Domain Guidance and Pose Guidance Networks.
Fig. 3 illustrates the network components of our approach.
We employ a ControlNet Csp which serves as the do-
main appearance guidance net. In LDMs, latents z;_;
can be obtained from diffusion sampling [19, 31] using
noise estimates eg [10] dependent on the previous latent
z; at timestep ¢. See supplemental material Sec. A for
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Figure 3. Overview of the networks involved in our SD-
control approach during one denoising timestep ¢. During fine-
tuning (solid lines), the overall model output esyn(cs,co) =
€o(z¢,t, 0, CsmpL(cs, o)) is adapted to a synthetic SMPL im-
age dataset. During inference (solid and dotted lines), a pose-
conditioned guidance network (Csp) is executed alongside Csmpr,
and a composite guidance vector is constructed from the outputs.

background on LDMs, ControlNet, and notation. Noise
estimates steered with Csp are defined as esp(cp, c,) =
€9(2¢,t, ¢p, Csp(cp, €y)), wWhere additional inputs are the
prompt ¢, and the spatial control condition ¢,. The ap-
pearance guidance net was trained on images within the
original SD data domain, ensuring esp(cp,c,) ~ Psp.
The outputs in the synthetic data domain are defined as
€syn(Cs, Co) = €9(24, 1,0, Csyn(cs, €o)), where Csyp is an at-
tribute guidance network finetuned in the synthetic data do-
main, thus egyn(cs, €,) ~ Psyn, conditioned on an attribute
¢, we want to isolate.

Classifier-Free Guidance. Classifier-free guidance
(CfG) [11] steers the generative process of diffusion mod-
els by amplifying the conditional’s gradient along a vector
ge. During training, the model is simultaneously trained
on both conditional (¢) and unconditional (/) or zeroed c)
objectives. These are combined during inference as:

gc = Ee(zt7t7 C) - €.9(Zt,t7 Q))a
zi-1 + €9(24,1,0) + wge,

where w controls the guidance strength (CfG scale), and the
latent z;_; is the output of one step of diffusion sampling
(e.g., DDIM [31]). This guidance vector helps in amplify-
ing the desired characteristics specified by ¢ while retaining
the overall quality of the generated images. Applying CfG
with outputs from the appearance guidance ControlNet Csp
thus results in a guidance vector g, conditioned on a
spatial condition (c,) and pointing towards the prompt (c,):

Geprco = €sD(Cp, Co) — €sp(, o), (D

which we denote as the appearance guidance vector.

Guidance Composition. Now consider the latents in the
synthetic domain esy,(c5, ¢,). To shift their visual aesthet-
ics into the original data domain (FPsp), we isolate the con-
dition ¢, using classifier-free guidance and compose it with
the appearance guidance vector Ge, c,:

g’cs,co = €Syn(CS7 co) — €Syn (®7 Co) 2)
g = wlgcp,co + w2§cs,co 3)
zi—1 < esp(l,co) +G 4)

where w; and wy are weighting factors for the guidance
vectors. Effectively, the guidance vector e, ¢, thus points
in the direction of the prompt and visual domain, while the
guidance vector g, ., points towards adherence to condi-
tion c,. Since neither conditional nor unconditional egy,
receives prompt information, increasing the magnitude of
Ge,,c, through wo does not impart more visual appearance
information, thereby isolating the ¢, from its visual appear-
ance. Linearly combining both vectors shifts g, ., into the
original data distribution. We ablate the contributions of the
guidance vector components in Sec. 4.6 and provide addi-
tional ablations in Sec. B.4 and a guidance scale analysis in
Sec. B.5 of the supplemental material.

3.3. SMPL-Control Guidance

We apply our proposed guidance-based domain-
adaptation approach to condition Stable Diffusion on SMPL
models. As illustrated in Fig. 3, the shared spatial condition
¢, to the domain guidance network Csp and the attribute
guidance network Csy, is a 2D map of OpenPose [5] pose
joints. The attribute guidance network Csypr. = Csyn is @
ControlNet additionally conditioned on SMPL embeddings
(cs), see the supplemental material (Sec. A) for a back-
ground on the SMPL model. The visual domain guidance
network Csp is a pretrained ControlNet or a T2I-Adapter
[22] and receives a prompt (c,) in addition to ¢,. We ap-
ply guidance composition on the output latents as detailed
in Eq. (4). Overall, the composite guidance vector g en-
codes prompt, SMPL-based shape and pose control while
retaining visual appearance (see Fig. 2c).

Training. To obtain Csypr, we condition a ControlNet
architecture on SMPL parameters by fine-tuning the cross-
attention blocks, which originally attended to prompt em-
beddings (c),), using embeddings of SMPL parameters (c)
instead. The shape (BsmpL) and pose (fsmpr) parameters
of the SMPL model are concatenated and embedded by a
single linear layer, i.e. ¢; = emb(fsmpL, SsmpL ), to match
the expected input dimensions of the cross-attention blocks.
Further, also the SD-UNet only receives empty prompts
during training, effectively removing prompt conditioning
from Csyp. During training, the network is initialized with
the weights of a 2d-pose (c,) conditioned ControlNet. Af-
ter minimizing the training objective, outputs esyn(Cs, o)
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are adapted to the synthetic training dataset domain. The
output images closely resemble the degraded aesthetics of
its synthetic training dataset (e.g., SURREAL [37]) man-
ifesting in non-realistic skin, faces and clothing and free
floating feet (see Fig. 2b). To enable classifier-free guid-
ance, Csvpr. is trained on conditional and unconditional in-
puts, i.e., €syn(Co, (), in parallel by randomly zeroing c;,
and in both conditional and unconditional cases uses the
empty prompt embedding in the SD U-Net during training.

4. Results
4.1. Implementation Details

We train our models for a single epoch on 200K sam-
ples from the SURREAL [37] dataset, containing SMPL-
annotated images, additionally we annotate these samples
with 2D body-pose maps (images containing 25 color-
coded joint keypoints) using OpenPose [5] to obtain c,.
Notably, no prompts are used to train Csypr. We did not
see an improvement in the metrics when training on more
samples from the dataset. The training was carried out on
a single NVIDIA RTX 4090 with a learning rate of 1075,
We adapt the pytorch-based huggingface diffusers library to
implement our method, and initialize the Stable Diffusion
U-Net with SD1.5 weights' [26] and Csyp. with weights
of the ControlNet-OpenPose” [39]. During inference, we
also use these weights for the domain appearance guidance
net (Csp), or alternatively use the pose-conditioned T2I-
Adapter-OpenPose’.

4.2. Visual Fidelity

Generation Method ISt KID |

ControlNet—OpenPose2 [29] 15.673 0.00614

T2I-Adapter-OpenPose® [22]  15.755  0.00609

CsmpL-ft-attn + CN 15.521 0.00615

CsympL-ft-attn + T2I 15.474  0.00597

" Ablation Variants:

CsmpL-extra-attn 15.157 0.01470
CsmpL-ft-all + CN 15.222  0.00637
Csmpr-ft-all + T2I 15.356  0.00607

Reference: COCO Eval Split  15.280 -

Table 1. Inception Score (IS) and Kernel Inception Distance (KID)
to the Coco Eval set on images generated from our evaluation set

We assess visual fidelity by using poses and prompts
from an evaluation set of annotated images to generate sim-
ilar images, against which we benchmark fidelity metrics.

Study Setup. We curated a subset of the MSCOCO
dataset [16] consisting of 5276 images, each containing one
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Figure 4. Varying shape parameters for fixed pose and prompt

person with at least 90% of keypoints visible and covering
at least 10% of the width and length of the image. Using
the image-based SMPL predictor Hierarchical Probabilistic
Human Estimation (HPH) [29], which performs compara-
tively well for shape extraction, we predicted SMPL mod-
els and used them together with the 2D poses and COCO
captions as inputs to the benchmarked models. This setup
generated human-centric photographic images with visual
appearance and semantic content similar to our curated im-
ages. We compare our proposed methods, which involve
fine-tuning only cross-attention blocks with ControlNet (ft-
attn + CN) and T2I-Adapter (ft-attn + T2I) guidance, and
as an ablated variant, fine-tuning the entire model (ft-all).
To assess domain gap, we also benchmark a ControlNet
(CsmpL-extra-attn) in which we retain prompt inputs and
instead fine-tune additional SMPL-cross-attention blocks
which are inserted after prompt cross-attention. During
inference using Cgsypp-extra-attn we do not use guidance
composition.

Metrics. We computed the Inception Score (IS) [27],
evaluating the quality and diversity of the generated im-
ages, and the Kernel Inception Distance (KID) [3] which
is similar to the FID [9], but is more reliable for unbiased
evaluation of distribution distances on smaller datasets.

Results. As shown in Table 1, our attention fine-tuning
approach with CN or T2I guidance achieves visual fidelity
comparable to the baselines. T2I guidance degrades slightly
more in terms of IS from its baseline but achieves slightly
higher visual similarity (lower KID) to COCO than Con-
trolNet guidance. Fine-tuning all weights (Csypy-ft-all)
slightly increases the visual domain shift (higher KID).
However, considering the indirect mapping between prompt
generation and COCO, the KID variations are small and
likely within the margin of error. Notably, the SMPL-
conditioned ControlNet without domain adaption (Csypy-
extra-attn) shows a significant domain gap, indicated by a
high KID, demonstrating the effectiveness of our domain
adaptation approach.
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Method AS ASExt. AS  ASExt.
ControlNet [39] 16.1 20.7 148.8 98.5
T2I-Adapter [22 15.8 20.8 118.7 93.6
Champ [30] - 17.6 - 83.0
Csmpr-ft-attn + CN 14.9 16.0 135.3 98.1
Csmpr-ft-attn + T2I 143 15.2 119.7  94.1

" Ablation Variants:

Csmpr-ft-all + CN  14.8 16.5 135.5 98.6
C'SMPL—ft-all +T2I 14.2 1577 120.1 94.5
GT Images [37] - 12.1 - 75.3

Table 2. SMPL shape and pose generation accuracy in millime-
ters. We show the scale and translation corrected Per-Vertex-Error
in T-Pose (PVET) and Mean Per Joint Position Error after Pro-
crustes Analysis (MPJPE-PA) between input SMPL params and
SMPL meshes extracted using HierProb [29] on the images gen-
erated from our evaluation set. AS-Ext uniformly samples body
shapes w.r.t obesity and its SMPL models are rendered from a fixed
frontal perspective enabling comparison with Champ [30].

4.3. Shape and Pose Accuracy

We assess pose and shape accuracy on a ground-truth set
of SMPL parameters by measuring the distance to SMPL
parameters estimated from generated images.

Study Setup. We first created an evaluation dataset of
5000 SMPL models, combining poses from the AIST [14]
dance dataset with shapes from the SURREAL [37] dataset.
This combination dataset (AS) addresses the limitations of
each dataset: AIST provides diverse poses from different
viewpoints but lacks shape diversity, while SURREAL of-
fers varied shapes but limited pose diversity. Using AS,

50 —3— Cq\ipr-ft-attn + CN
--§-- Champ
Q401 P «§-+ ControlNet
& A
> 307 S~
9 N
LE 201
=

—6 —4 -2 0 2
B> SMPL shape component

Figure 6. SMPL shape accuracy for extreme shapes. We show
Per-Vertex-Error in T-Pose (PVET) for different shape extremes.
The second shape component (52) strongly correlates with obesity.
Error bars show the standard deviation.

we generated images using our proposed approach, its con-
figurations, and the ControlNet and T2I-Adapter baselines.
Using HPH [29], we estimated the SMPL models from
the generated images and compared these to the original
ground-truth SMPL models.

SURREAL contains real body shape measurements,
which are approximately normal distributed around a mean
slim shape, with very limited samples for obese body types.
To fairly evaluate the model performance on all body types,
we created an extended dataset (AS-Ext) with added sam-
ples for obese shapes. Please refer to the supplemental ma-
terial (Sec. B.1) for details on the creation of the evaluation
dataset. Furthermore, to enable comparison with the state-
of-the-art approach for SPML-based reference image con-
trol Champ [30], we rendered the SMPL models in AS-Ext
in a full-frame frontal view to align inputs of our method
and Champ in the absence of ground-truth camera matrices.
The fixed-view rendered SMPL meshes additionally allow
us to establish a baseline noise level for AS-Ext by direct
application of HPH.

Metrics. For pose accuracy, we measure the Mean Per
Joint Position Error after Procrustes Analysis. For shape ac-
curacy, we measure the scale and translation corrected Per-
Vertex-Error in T-Pose [28]. All values are given in mm.

Results. Our results (Tab. 2) show significant improve-
ments in shape accuracy over ControlNet and T2I-Adapter,
and Champ on AS-Ext. A stronger deviation from the mean
shape degrades the accuracy of ControlNet and Champ, as
shown in Fig. 6, while our method achieves relatively con-
stant performance. Interestingly, despite its SMPL con-
ditioning, Champ [30] shows only marginal improvement
over the shape-unaware ControlNet, while our model ad-
heres to the conditioning across the range of shapes. Us-
ing T2I-Adapter demonstrates better pose adherence than
ControlNet, reflected in lower MPJPE-PA values in both the
baseline as well as when used in domain guidance (+T2I).
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(a) Pose (b) SMPL 51,52 (c) Ourscn(s1)  (d) Oursen(s2) (e) CN slim (f) CN not slim  (g) Ourstor(s2)  (h) T2I not slim

Figure 7. Comparison of pose and body shape control. We compare ours, ControlNet [39] (CN) and T2I [22] using slim and overweight
body shapes (for ours) or prompts (for CN and T2I). Note that Ourscn refers to Csmpr + CN, and Ourstyy refers to Csmpr, + T21. Overall

our method displays better stability and accuracy of shapes.

Compared to their baseline models, adding SMPL-guidance
enhances pose adherence for ControlNet while having little
effect for T2I-Adapter. Champ seems to improve the pose
adherence, however other effects such as pose prediction
being more accurate on the standardized rendered SMPL
meshes may be possible.

(a) Ref. Image (b) Pose Map

(e) SMPL-based control of
reference image with Champ [30]

(f) SMPL-based text-to-image
generation with ours

Figure 8. Comparison to SMPL-based reference image control
using Champ [30]. Champ uses a SMPL-derived pose map (b),
normal map (c), semantic map (d), depth map & mask (not shown)
to manipulate a reference image (a). Our reference-free method (f)
uses pose map (b) and SMPL parameters as inputs.

4.4. Visual Comparisons

In Fig. 4, we transition between two SMPL shape con-
figurations, primarily affecting mid-body fat distribution,
to illustrate a change from overweight to slim. In Fig. 5,
we sample different shape parameters to showcase various
body proportions for the same prompt: “a man/woman with
a white t-shirt and jeans in front of a neutral background.”
In Fig. 7, we compare our method with ControlNet and T2I.
Using a pose from AIST [14], we apply slim and overweight
shapes to generate images. For ControlNet and T2I, we in-
clude “chubby” in the prompt to create the overweight im-
age. The rows are organized with prompts “a man hiking”
and “still of a football player in a FIFA game”. Our method
consistently adheres to shape information, whereas Con-
trolNet’s and T2I’s interpretation of “chubby” varies. For
example, the first row shows a significantly overweight per-
son, while the shape of the football player is only minimally
altered. Using other words that signify overweight creates
similar results. Additionally, our method shows improved
pose and background stability, as verified by an experiment
on masked-out foregrounds and LPIPS measurements; see
Sec. B.2 of the supplemental material. We also observe
that, while metrically T2I achieves slightly better results for
both original and combined with Csypr, (Tabs. 1 and 2), it
is more prone to body artifacts than its ControlNet counter-
part. In Fig. 8 we show an example from Champ [30], and
compare to ours in terms of shape adherence. We generate
a reference image with SD of a person in neutral pose in
frontal view. Champ then receives semantic maps derived
from the SMPL mesh viewed from the same perspective as
the reference image (Fig. 8) while our approach receives the
SMPL model in parameter form and generates content ac-
cording to a prompt instead of a reference image. Visually,

3694



wy 0.0 75 0.0 0.0 75
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Figure 9. Comparing guidance configurations and the isolated
effects of individual guidance vectors. (a) The full approach:
esn(0, ¢co) + wlg'cpyco + wgg’cs’% (b) Ablated model w/o domain
adaptation (DA): esyn (0, 0, ¢o)+w2g, ., ., (¢) No pose guidance
(i.e., using SD instead of C'sp): esp(0) + w1g., +wag., ,

ours can achieve better and more natural body shape adher-
ence than Champ.

4.5. Animation

Our method can also be applied to generate animated
sequences, by using the control signal to drive frame
transition-consistent animations using modified versions
such as AnimateDiff [8]. We showcase examples in the sup-
plemental material.

4.6. Ablating Guidance Vector Composition

Our classifier-free guidance-based approach consists of a
composition of multiple models with different possible in-
put condition configurations. In the following, we explore
ablations of Eq. (4). In addition to the two guidance vec-
tors g’cp,co and g, ., we ablate configurations using guid-
ance vectors without pose-conditioning (ge,) and without
domain adaption, for which we use the ft-extra-attn which
receives prompt in addition to pose and body (ge,,c,,c,)s
defined as:

ﬁc,, = ESD(Cp) - ESD(@)

gcp,cs,co = 6Syn(cpy Cs, co) - 6Syn((Z)y 07 co)

In Fig. 9 we evaluate the effects of the composed guid-
ance vectors by generating image grids using the prompt
”A man wearing a blue shirt with a happy expression in
front of a scenic and cinematic environment, best quality,
photography”. We compare configurations by selectively
setting the guidance scales (w1, ws) to 0.0, effectively dis-
abling the guidance components. Fig. 9a shows the con-
figuration of our full approach. The first row and column
illustrate the influence of isolated guidance vectors. The

relatively stable background when altering ws indicates the
independence between the vectors, allowing separate scal-
ing of the adherence to the text prompt and SMPL condi-
tioning. Fig. 9b demonstrates the impact of not shifting to
the original data distribution, effectively running the orig-
inal classifier-free guidance in the synthetic data domain.
The domain gap from synthetic data results in compromised
visual fidelity, with flat textures and floating effects, demon-
strating that classifier-free guidance within the fine-tuned
model’s domain realizes both SMPL conditioning and the
text prompt but at the cost of visual quality. The importance
of the original 2D pose-conditioned ControlNet is visual-
ized in Fig. 9c. When inferring only using the base SD
U-Net, the shape and pose condition are not satisfactorily
realized. In Sections B.4 and B.5 of the supplemental ma-
terial we further demonstrate the negative impact of prompt
conditions in €sy, and the visual influence of the guidance
scales.

4.7. Limitations

Our approach, while effective in many scenarios, has no-
table limitations in generating body shapes that conflict with
the prompt’s content or implied context. For example, spec-
ifying athletic professions can in some cases neutralize the
generation of obese body shapes. This issue is also present
in the original SD model when specifying body weight via
a prompt (see Sec. 4.4), suggesting a bias in SD training
data or the model’s learned representations. Our approach
struggles to reconcile this conflicting information, leading
to less accurate or unintended results. Please refer to the
supplementary material for an example.

5. Conclusion

Our proposed method enables conditional control and
generation of diverse human shapes and poses in pre-
trained text-to-image diffusion models by fine-tuning a
ControlNet-based architecture on a 3D human parametric
model (SMPL). To address the issue of limited real-world
data, we train on synthetic data. To overcome the do-
main gap from training on less realistic and diverse syn-
thetic scenes, we propose a domain adaptation technique us-
ing guidance-based isolation and composition. Our results
show that composing the isolated SMPL condition with a
domain guidance network can satisfactorily adapt the vi-
sual appearance from the synthetic to the original LDM
domain. The interchangeability of ControlNet and T2I-
Adapter for guidance domain adaptation suggests the poten-
tial for generalization in composing isolated conditions and
domain guidance networks, possibly allowing multiple syn-
thetically trained conditions to be composed together. Fu-
ture research should explore the generalization of our guid-
ance domain adaptation technique to other datasets, tasks,
and domains.
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