DreamPose: Fashion Image-to-Video Synthesis via Stable Diffusion
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Figure 1: Given an image of a person and a sequence of body poses, DreamPose synthesizes a photorealistic video.

Abstract

We present DreamPose, a diffusion-based method for
generating animated fashion videos from still images.
Given an image and a sequence of human body poses, our
method synthesizes a video containing both human and fab-
ric motion. To achieve this, we transform a pretrained text-
to-image model (Stable Diffusion [[16]]) into a pose-and-
image guided video synthesis model, using a novel finetun-
ing strategy, a set of architectural changes to support the
added conditioning signals, and techniques to encourage
temporal consistency. We fine-tune on a collection of fash-
ion videos from the UBC Fashion dataset [49]. We eval-
uate our method on a variety of clothing styles and poses,
and demonstrate that our method produces state-of-the-art
results on fashion video animation. Video results are avail-
able on our project page.

1. Introduction

Fashion photography is incredibly prevalent online, from
social media platforms to online retail sites. Unfortunately,
these still photographs are limited in the information they
convey, and fail to capture many of the crucial nuances of
a garment, such as how it drapes and flows when worn.
Fashion videos, on the other hand, do showcase all these
details, and for this reason are highly informative for con-
sumer decision-making. Despite this obvious benefit, how-
ever, these videos are a relatively rare commodity.

In this paper, we introduce DreamPose, a method that
turns fashion photographs into realistic, animated videos,
using a driving pose sequence. Our method is a diffusion
video synthesis model based upon Stable Diffusion [16].
Given one or more images of a human and a pose sequence,
DreamPose generates a high-quality video of the input sub-


https://grail.cs.washington.edu/projects/dreampose/
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Figure 2: Architecture Overview. We modify the original Stable Diffusion architecture in order to enable image and pose
conditioning. First, we replace the CLIP text encoder with a dual CLIP-VAE image encoder and adapter module (shown
in the blue box). The adapter module jointly models and reshapes the pretrained CLIP and VAE input image embeddings.
Then, we concatenate the target pose representation, consisting of 5 consecutive poses surrounding the target pose, to the
input noise. During training, we finetune the denoising UNet and our Adapter module on the full dataset and further perform
subject-specific finetuning of the UNet, Adapter, and VAE decoder on a single input image.

ject following the pose sequence (Figure|[T). pose conditioning approach that greatly improves temporal
This is a challenging task in several ways. While im- consistency across frames, (3) a split CLIP-VAE encoder

age diffusion models have shown impressive, high-quality that increases the output fidelity to the conditioning image,

results [16, 3T, B3], video diffusion models have yet to (4) a finetuning strategy that effectively balances image fi-

achieve the same quality of results and are often limited to delity and generalization to new poses.

“textural” motion or cartoon-like appearance [14} [17, |19}

40, |48]]. Moreover, existing video diffusion models suffer 2. Related Work

from poor temporal consistency, motion jitter, lack of re- 2.1. Diffusion models

alism, and the inability to control the motion or detailed

object appearance in the target video. This is partly be- Diffusion models have recently demonstrated impressive

cause existing models are primarily conditioned on text, as results in text-conditioned image synthesis [16, 31, 135],

opposed to other conditioning signals (e.g., motion) which video synthesis [17, 19, 27], and 3D generation tasks

may offer more fine-grained control. In contrast, our image- [28. 41]. However, training these models from scratch is

and_pose Conditioning scheme allows for greater appear- computationally expensive and data intensive. Latent Dif-

ance ﬁdel]ty and frame-to-frame Consistency. fusion Models (as in Stable Diffusion [16]) perform diffu-

sion and denoising in the latent space, thereby drastically
reducing the computational requirements and training time
with only marginal reductions to quality. Since its release,
Stable Diffusion and its pretrained checkpoints have been
used by many for various image generation tasks [2} 15, 34].
Like these methods, our work leverages a pretrained Stable
Diffusion model with subject-specific finetuning.

Our model is fine-tuned from an existing pretrained im-
age diffusion model, which already effectively models the
distribution of natural images. When using such a model,
the task of image animation can effectively be simplified to
finding the subspace of natural images consistent with the
conditioning signals. To accomplish this, we redesign the
encoder and conditioning mechanisms of the Stable Dif-
fusion [16] architecture, in order to enable aligned-image

and unaligned-pose conditioning. Further, we propose a 2.2. Still Image Animation

two-stage finetuning scheme that consists of finetuning both Still image animation refers to the task of generating
UNet and VAE from one or more input images. a video from one or more input images. Existing, non-

To summarize, our contributions include: (1) Dream- diffusion approaches often consist of multiple separate net-
Pose: an image-and-pose conditioned diffusion method for works, such as for predicting the background [39, 46, 53],
still fashion image animation, (2) a simple, yet effective, motion representation [20l [37, 138} 39} 43|, 53], occlusion



maps[[38| 39, 46, 53], or depth maps$ [3]. The downside of rich, detailed information about thexactidentity or pose
multiple networks is that each stage requires separate trainof a person and garment.
ing and potentially unavailable or imperfect ground-truth  Several works tackle the challenge of image conditioning
intermediate data, such as ground-truth motion or depth.for a pretrained text-to-image Stable Diffusion modél]2, 5,
Especially when the motion is large and complex, these[11,27,34/45]. These often incorporate text embeddings
ground-truth estimates are harder to derive and more pronef some kind. For example, DreamBooth, the rst method
to errors. Several more recent papers explore end-to-endo perform subject-speci ¢ netuning of Stable Diffusion
single-network approaches, such as by merging optical ow on a set of images, learns a unique text token to repre-
and warping [[3P2], replacing motion estimation networks sent the subject in the text encoder![34]. Others incorpo-
entirely with a cross-attention modulés [26], or generating rate text to edit the appearance of existing imag@és [5] and
animatable 3D humans using a NeRF representaiioh [21]. videos [47[2F7]. PIDM[[4] encodes image textures using a
. . separate textural encoder and concatenates target pose with
2.3. Fashion Image Synthesis an input noisy image. DreamPose allows the user to not

Prior pose-guided fashion image synthesis methods areonly control the appearance of subjects in video, but also the
typically generative adversarial network (GAN)-based and structure and motion. Similar to PIDM, our image condi-
rely on optical ow to align image features to posé [1, 9, tioning approach directly incorporates image embeddings in
23,[33,/50/ 54]. However, GAN-based approaches oftenthe cross-attention layers of the UNet, but these image em-
struggle with large pose changes, synthesizing occludedpeddings come from a mixture of two pretrained encoders:
|’egi0ns7 and preserving garment Sty]e_ More recent ap-CLlP and VAE. Moreover, with our method, we achieve
proaches rely on attention-based mechanisms, where selfsmooth, temporally consistent motion using a multi-pose
and cross-attention are used to warp image features to thénput representation concatenated to the input noise.
target framel[8, 25, 33].

Relatively few works exist for diffusion-based fashion 3. Background
image and video synthesis. DiffFashidon [6] aims to edit a
clothing item by transferring the style of a reference image.
Concurrent work PIDM[4] also generates pose-conditioned
human images, although unlike our method does not op-
timize for temporal consistency. We compare DreamPose
and PIDM in Figured ]9 anfl_14.

Diffusion modelsare a recent class of generative mod-
els that have surpassed GANs at synthesis tasks in terms
of quality, diversity, and training stability [10]. A standard
image diffusion model learns to iteratively recover an im-
age from normally distributed random noise [42]. l&
tentdiffusion model, e.g., Stable Diffusion [16], operates in
2.4. Diffusion Models for Video Synthesis the encoded latent space of an autoencoder, thereby saving

) o . computational complexity, while sacri cing minimal per-

Many text-to-video diffusion models rely on adapting ena| quality. Stable Diffusion is composed of two mod-
text-to-image diffusion models for video synthesis|[14, 15, g|q. 5 variational autoencoder and a denoising UNet. The
14, 19‘; 40, 48]. While the results are promising, these_ meth'autoencoder consists of an encofethat distills a frame
ods still struggle to match the realism that text-to-image x into a compact latent representatian= E(x), and a

models do. Quality is largely hindered due to the new yocodeip that reconstructs the image from its latent repre-
f:hallenges mtroduped by video synthesis, such as ma_'ma'n'sentationxo = D(z). During training, the latent features
ing temporal consistency across frames and generating réz e giffysed inl timesteps by a deterministic Gaussian pro-
alistic motion. Some video diffusion methods are instead

X o : : cess to produce noisy features, indistinguishable from
trained from scratch, requiring expensive computational ., ,4om noise. In order to recover the original image, a

resources, huge training datasets, and extensive rainingq conditioned UNet is trained to iteratively predict the

time [17,[19/ 281 31. 27. 15]. Concurrently, Tune-A-Video ise of the latent features corresponding to each timestep
netunes a text-to-image pretrained diffusion model for t2f 1 ::Tg. The UNet objective function is:

text-and-image conditioned video generatibnl [47]. How-

ever, like earlier video diffusion methods, Tune-A-Video's L - E . t 0)ii2 1

results exhibit textural ickering and structural inconsisten- DM z 2N (i) [ (z: Lol 1)

cies. Our work aims to address these issues in order to synwherec represents the embeddings of conditional informa-

thesize realistic human and fabric motion. tion, such as text, image, segmentation mask, etc. In the

case of text-to-image Stable Diffusion,is obtained us-

ing a CLIP text encoder [29]. Finally, the predicted de-
Text-conditioning has been popular among image gener-noised latentg’ are decoded to recover the predicted image

ation diffusion models [16, 30, 36]. While effective at con- x%= D(x9).

trolling high-level details, text conditioning fails to provide Classi er-free guidancés a mechanism in sampling that

2.5. Conditioning Mechanisms for Diffusion Models






