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ABSTRACT

Generating image variations, where a model produces variations of an input image
while preserving the semantic context has gained increasing attention. Current im-
age variation techniques involve adapting a text-to-image model to reconstruct an
input image conditioned on the same image. We first demonstrate that a diffusion
model trained to reconstruct an input image from frozen embeddings, can recon-
struct the image with minor variations. Second, inspired by how text-to-image
models learn from web-scale text-image pairs, we explore a new pretraining strat-
egy to generate image variations using a large collection of image pairs. Our dif-
fusion model Semantica receives a random (encoded) image from a webpage as
conditional input and denoises another noisy random image from the same web-
page. We carefully examine various design choices for the image encoder, given
its crucial role in extracting relevant context from the input image. Once trained,
Semantica can adaptively generate new images from a dataset by simply using
images from that dataset as input. Finally, we identify limitations in standard im-
age consistency metrics for evaluating image variations and propose alternative
metrics based on few-shot generation.

1 INTRODUCTION

Machine learning initially focused on optimizing and improving models on small datasets. The
field has transitioned to training general purpose models on web-scale data and then finetuning
them for specific tasks on smaller datasets. This paradigm shift has lead to state-of-the-art results
on a number of different domains. In this paper, we focus on the relatively underexplored task
of adapting an image generative model to different datasets. One approach is to simply train a
generative model on a large dataset of unlabelled images and finetune them on smaller datasets.
While this approach is straight-forward in theory, it requires clever architecture or regularizer design
to prevent overfitting in practice (See Sec[2.2).. As models scale up, finetuning for every dataset also
just becomes increasingly impractical.

Image-conditioned diffusion models are now increasingly used to adapt generative models to new
datasets, also known as image variations (Ye et al.} 2023; Pinkney}, 2022; Xu et al., | 2023b)). First, an
image encoder trained on a different upstream task, such as self-supervised learning (DINO (Oquab
et al.,[2023)) or contrastive-learning on web-image text pairs (CLIP (Radford et al.||2021))) produces
frozen embeddings. The frozen embeddings then condition a diffusion model usually pretrained on
text-to-image, which is finetuned to reconstruct the original image. However in these models, the
study of image variations often remains a secondary objective. In this paper, we take a step back and
directly analyze image variations in isolation. To avoid ambiguity involved in generating multiple
objects in an image, we focus our evaluation on datasets with a single dominant object. We start with
a vanilla image-conditional diffusion architecture that is composed of a frozen image encoder and
conditions the diffusion model with cross-attention. As done in prior works, we train the diffusion
model to reconstruct images from frozen embeddings. We demonstrate that without text-to-image
pretraining or co-training, this model qualitatively achieves near-perfect image reconstruction. This
suggests that the capacity to generate image variations via reconstruction is due to the implicit reg-
ularization inherent in the pre-trained or co-trained text-to-image model. While empirically this
may be sufficient to generate plausible image variations, the relationship between the text-to-image
model, image variations and scale remains unclear.
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Figure 1: Each grid presents a conditioning image at the top followesilBy 512image varia-

tions generated by Semantica, IP-Adapter, and SDv2 IV. Samples generated by a semantic image-
variation model should maintain semantic consistency with the conditioning image while also being
suf ciently diverse. Semantica demonstrates greater diversity than IP-Adapter while preserving
semantic context. While SD v2 generates diverse outputs, the generated outputs are often not con-
gruent with the context image. Additional samples are present in App. A.

In this paper, we explore a different pretraining strategy with the same image-conditioned diffusion
architecture. We train our mod8emanticaisingimage episodesvhich are image pairs that belong

to the same web page. Therefore, training relies exclusively on the hypothesis that images from the
same web page should have some common semantic attributes. For example, it is probable that
images scraped from a Wikipedia page on dolphins, contain pictures of dolphins. To generate image
variations, the model receives an image and then generates another image that preserves semantic
information. Under this pre-training strategy, our experiments demonstrate that scaling both the
image encoder and the diffusion decoder steadily improve image variation quality. In Fig. 1, we
compareSemanticao state-of-the-art image variation modeemanticds capable of generating

high quality and diverse images, re ective of semantic information from the conditioning image.

Evaluating image variations is non-trivial. Unlike standard image generative modeling where a
model generates images from scratch, a model has access to the entire test set of images via condi-
tioning when generating image variations. This means a model could simply copy the conditioning
image and achieve high scores both at distribution-level and instance-level metrics. To bridge this
limitation in existing metrics, we instead propose to evaluate image-variations exclusively in the
few-shot setting. Concretely, we limit the number of conditioning images available to the model and
then measure its ability to model the test distribution.
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