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ABSTRACT

We approach the problem of inserting a person into a novel scene
and controlling their pose via text guidance. Given an image of a
person, a masked image of a scene, and a text description of the
target pose, our model presents realistic images while being highly
controllable. We validate the robustness of our model’s true-to-text
accuracy and identity preservation via a user study on in-the-wild
images. In addition, we present a novel dataset containing pairs of
frames from human-centric and action-rich videos, with text cap-
tions of the difference in human pose between frames. We also ex-
plore the challenges of controllable identity preservation for in-the-
wild scenes and the failure modes of similar models. Our methods
achieve a 10% increase in pose adherence (PCKt@0.5) over com-
parable methods without compromising visual fidelity, and show a
clear qualitative improvement.

Index Terms— Multimodal Conditioning, Non-Rigid Image
Editing, Generative Image Models, Identity Preservation

1. INTRODUCTION

Generative diffusion models are an essential tool for creating high-
quality images, videos, and 3D models. A core feature of genera-
tive models is “inpainting”, or the ability to edit images in a user-
controlled manner through textual, visual, or other inputs. This en-
ables user-defined modifications without the need for detailed man-
ual editing or full image re-generation. While the community has
seen remarkable advancements in this space, virtually no works have
approached editing human poses through text instructions or explicit
pose keypoints while maintaining the subject’s identity. In this paper
we use generative diffusion to conduct complex, non-rigid pose edits
that address this challenging class of modifications.

In addition, current editing methods do not generalize well to
in-the-wild images and video. Such content often contains challeng-
ing backgrounds or blurry perspectives, presenting difficulties for
optimizing to identity preservation and prompt adherence. We are
interested in this domain for its potential in consumer applications.

Prior work has organized the complexity of human subject im-
age editing into rigid and non-rigid edits [1]. Rigid edits preserve the
subject’s pose and alter their appearance (e.g., changing their shirt),
while non-rigid edits modify the pose and may preserve appearance
(e.g., generating yoga poses from a reference image). Non-rigid ed-
its are complex as they involve deforming the subject in a natural
and coherent manner. Furthermore, non-rigid edits can include ob-
ject interactions, requiring that the model learns natural interactions
across a diverse range of object classes.

To the author’s knowledge, no public datasets contain image
pairs with scene difference captions, and no related works support
inpainting of text-guided pose while maintaining subject identity.

Scene Person Text-Controlled Edits

Row 1: “He turns his body to the right and lowers his arms slightly.” “He faces
away showing his back side.” “He raises his hand above his head.”

Row 2: “She raises her arms above her head.” “She lowers her arms.” “She lunges
her right leg forward.”

Row 3: “He bends down reaching towards his toes.” “He lowers his arms by his
side.” “He runs away with the ball.”

Fig. 1. Our model enables controllable, identity-preserving edits
to in-the-wild data. Given a masked insertion scene and a refer-
ence image containing a person, our model inserts the person into
the scene as controlled by a text caption. The results shown were
made with held-out images using the captions below each row.

To address the literature gap, this paper contributes:

1. Improved Pose Adherence with Photorealism: By modeling
a pose distribution aligned with the diffusion process using start
and end poses, we obtain a pose adherence (PCKt@0.5) of .62
(text-guided) and .73 (keyframe-guided) to ground truth scenes.

2. Text-Guided Non-Rigid Editing: We enable complex, text-
controlled pose edits. Non-rigid edits maintain subject and
background appearance, changing their pose or location in a
scene. We evaluate our qualitative performance via a user study.

3. Reduced Hallucinations in Automated Scene Captions: We
curate a dataset of scene difference captions using a multimodal
LLM, and reduce hallucinations by including pose estimation and
prompt tuning.

We construct our dataset through automating scene-change cap-
tioning on large human-centric video datasets. We use pose es-
timators to extract useful caption pairs by identifying meaningful
pose changes, and reduce hallucinations in captions through few-
shot prompting and the inclusion of filtering criteria based on pose
estimation. All code and data is available at (project webpage URL).



Fig. 2. By feeding poses from the reference and target into a learned embedding, we force the network to balance photorealism and
prompt adherence. The system diagram shown illustrates the process of generating a desired edit using multiple inputs including noise target
latent, binary mask, masked target latent, reference image, and a text caption. The pose embeddings are implicitly aligned with CLIP through
our training process. The Affordance Diffusion Network builds upon the formulation proposed by [1], to which we introduce controllability
via the framework detailed on the left. No related work effectively combines controllable non-rigid edits with identity preservation.

2. RELATED WORKS

Recent years have seen high research interest in improving the visual
quality and controllability of images produced by generative models.

2.1. Text-Based Control & General Controllability

The original latent diffusion paper introduced conditional control
through the use of cross-attention layers in the U-Net [2]. Com-
bined with performing diffusion in the latent space with smaller spa-
tial dimensions, this enabled a variety of control signals and auxil-
iary tasks including text-to-image, layout-to-image, inpainting, and
super-resolution. Since then, works have greatly expanded upon the
performance of image generation.

Prior works have approached text-based control of images.
DreamBooth allows editing various image elements, such as the
background, style, and accessories, while maintaining the image’s
primary subject [3]. The model’s authors fine-tuned existing text-
to-image diffusion models using a few-shot dataset of the subject
to insert them into new domains. Imagic introduced a three-stage
approach to enable non-rigid pose edits by performing linear inter-
polation between the optimized and target text embeddings [4].

ControlNet aims to address the issue of catastrophic forgetting
[5]. The model uses a reference image and a text prompt, and is ca-
pable of non-rigid edits, however it does not preserve identity. MAS-
ACtrl enables text-driven nonrigid edits in a tuning-free manner via
“masked mutual attention”, however is sensitive to parameters cho-
sen to control where in the diffusion process the masked mutual at-
tention occurs [6]. While neither model has identity preservation,
we use ControlNet and MASACtrl as baselines in this work.

2.2. Pose-Based Control

Very few works have approached non-rigid edits given a target pose.
PIDM incorporates a noise prediction model and a texture encoder
to maintain the subject’s style given a target pose [7]. The model is
trained on DeepFashion [8] with ∼52,000 images, however is brittle
outside that domain. PCDM fine-tunes a pre-trained latent diffu-
sion model [9]. The model aligns the source image and target pose
through a three-layer trainable pose network to project the source
and target poses into a latent pose embedding. We use PIDM as a
baseline for this work despite its narrow scope.

2.3. Identity-Preserving Diffusion

Recent advancements in identity-preserving diffusion models have
maintained subject identities while enabling detailed and flexible
image editing. InstantID uses a novel IdentityNet module that inte-
grates spatial conditioning with a diffusion model for identity preser-
vation using a single facial image [10]. He et al. introduced regu-
larization in the dataset generation, enhancing identity preservation
across various text-to-image models [11]. Banerjee et al. proposed a
technique for simulating aging and de-aging in face images using la-
tent text-to-image diffusion models, maintaining biometric identity
with high photorealism [12]. These methods maintain subject iden-
tities, however are designed for non-rigid edits (i.e., style transfer).

2.4. Non-Rigid Identity Preservation

Only one prior work has accomplished non-rigid pose changes with
identity preservation on in-the-wild data. Kulal et al. showed that
an inpainting diffusion framework can train a model to halluci-
nate a plausible and photorealistic insertion of a person from one
scene into another [1]. For reference images, the model employs a
nearest-neighbor approach where frames are sampled from a large
meta-dataset of person and activity-centric videos [13]. However,
the model lacks controllability, used proprietary data, and no model
checkpoints are available.

As Kulal et al’s objectives are similar to ours, we re-implement
Kulal’s methods on publicly available data. To enable controllability
we train the model on our dataset of automated captions and ex-
tracted poses from frames, and use additional filtering criteria to im-
prove the quality of resulting images.

3. METHODS

3.1. Conditional Diffusion Models

Latent diffusion models operate in a compressed, lower-dimensional
latent space rather than the pixel space, making the generation pro-
cess more efficient. By performing diffusion in this latent space,
these models can handle higher resolution images and complex
transformations with reduced computational cost. This approach
leverages pre-trained autoencoders to map images to and from the
latent space, maintaining high image fidelity while optimizing pro-
cessing time.




